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1. General overview 
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Every day of our lives, we make decisions to interact with our 

environment in a goal directed manner. Among these choices, the 

most critical ones are those related to survival, such as determining 

the path to procure food or to sidestep potential obstacles or predators. 

Notably, various authors have linked these life-threatening scenarios 

to contexts of heightened urgency. The rationale is clear: when faced 

with imminent danger, we need to react quickly (i.e., prompt decisions 

and quick movements are non-negotiable). In this thesis, I delve into 

the impact of urgency on human behavior, exploring this phenomenon 

along two main axes. In the study reported in Chapter 1, I concentrated 

on global adaptations of behavior to diverse urgency contexts. The 

primary aim was to investigate the existence of a common mechanism 

coregulating the speed of decision making and movement execution. 

Such process would inherently invigorate both aspects of behavior 

within high-urgency scenarios. In this work, we also tested the 

hypothesis that this default control mode can be overshadowed by 

other processes depending on task demands, sometimes leading to a 

dissociation of decision and movement speed, as reported in past 

studies. Then, in Chapter 2, the focus shifts to behavioral adjustments 

on a trial-by-trial basis. This examination seeks to determine if post-

error adjustments are influenced by the urgency level at which 

subjects engage in the task. In summary, our results unveil a nuanced 

interplay of various mechanisms influencing decision making and 

movement execution. Despite their disparate operating levels, all 

these mechanisms align towards a singular objective: optimizing the 

rate of reward within a given context. 
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2.1. Evidence accumulation models 

For many years, cognitive psychology developed computational 

models in order to explain how we select actions to interact with our 

environment (Brown & Heathcote, 2005; Cisek et al., 2009; LaBerge, 

1962; Laming, 1968; Ratcliff, 1978; Smith & Vickers, 1988; Stone, 

1960; Usher & McClelland, 2001). In these models, decision making 

is described as a process of noisy accumulation of evidence: during 

deliberation, sensory evidence is accumulated until the total evidence 

in favor of one of the potential actions reaches a certain threshold, at 

which point the decision is made and the action is initiated (Gold & 

Shadlen, 2007; Hanks et al., 2014; Ratcliff et al., 2016). Following 

these models, the two main factors influencing the decisions are the 

quality of sensory information available in the environment and the 

amount of information required to select the action. By combining 

these two factors, models are able to provide an estimate of the time 

used for deliberation and the accuracy with which the decision is made   

(Cisek, 2006; Ratcliff & Smith, 2004). In this section, I will describe 

these accumulation models. First, I will focus on the basic principles, 

by summarizing the main variants found in the literature. Based on this 

summary, I will also discuss the two models I used for my PhD project. 

Second, I will consider how the models can explain behavior 

adaptations under urgency. To do so, I will specifically focus on studies 

looking at behavioral adaptations when decisions need to be made 

under time pressure. Importantly, behavioral adaptations can be 

observed at two levels: on the one hand, at a "macroscopic" level by 

looking at how subjects adapt their behavior according to the context 

in which they find themselves (i.e., contextual adaptations, as 

considered in Chapter 1), on the other hand, at a "microscopic" level 
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by looking at how subjects adapt their behavior from one trial to the 

next. Generally speaking, such trial-by-trial adaptations are particularly 

interesting following errors; in this context they are called post-error 

adjustments (as considered in Chapter 2).  

Basic principles of accumulation models 

Most models are used to explain decision making in 

experiments with two action alternatives. However, several variants 

exist in the literature (see Bogacz et al., 2006 and Ratcliff & Smith, 

2004 for reviews). For example, models can differ in their evidence 

accumulation mechanism. Indeed, the accumulation can be computed 

through one or two accumulator(s); using one unique accumulator 

consists of transforming evidence into the probability of choosing one 

option over the other through integration (Cisek & Thura, 2022; 

Diederich, 2003; Ratcliff & Smith, 2004; Stone, 1960), whereas using 

two accumulators consists in having one capturing evidence for each 

option independently (Brown & Heathcote, 2005; LaBerge, 1962; 

Logan, 2002; Reddi et al., 2003; Usher & McClelland, 2001). In the 

first case, the accumulation can be positive or negative depending on 

which option the evidence favors while in the second case the 

accumulation is positive regardless of the option (Audley & Pike, 1965; 

Van Zandt et al., 2000). Moreover, using two accumulators offers the 

possibility of choosing whether their accumulation is independent 

(Brown & Heathcote, 2005; LaBerge, 1962; Logan, 2002; Reddi et al., 

2003; Shadlen et al., 1996) or whether it depends on accumulation 

level of each other via inhibitory connections (Bogacz et al., 2006a; 

Cisek, 2006; Mordkoff & Yantis, 1991; Usher & McClelland, 2001; 

Zemliak & MacInnes, 2022). Besides their number, the accumulator(s) 

can also vary in the way they gather evidence, according to the 

temporal profile of the integration as well as to the amount of 
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information integrated at each time interval (sample). Regarding its 

temporal profile, the accumulation is considered as discrete or 

continuous over time, depending on whether the time interval used is 

linearly or exponentially distributed, respectively (Pike, 1973; Ratcliff, 

1978). Regarding the amount of information, the integration of 

evidence at each sample can be “complete” or “partial” depending on 

the model (Cisek et al., 2009; Cisek & Thura, 2022; Ratcliff, 1978; 

Usher & McClelland, 2001).  The complete integration of evidence is 

based on the idea that the passage of time ensures the decision 

accuracy; in other words, the longer the deliberation, the greater the 

precision. However, a number of studies have shown that after a 

certain decision duration, the percentage of accuracy reaches an 

asymptote, saturating the accumulation process (Heitz, 2014; Murphy 

et al., 2016a; Steinemann et al., 2018; Swensson, 1972; Wickelgren, 

1977). While some models attribute this saturation to a noise-related 

consequence, others use a passive temporal decay to explain this 

phenomenon (Cisek et al., 2009; Cisek & Thura, 2022; Ratcliff & 

Rouder, 1998; Usher & McClelland, 2001; Zemliak & MacInnes, 2022). 

More precisely, the latter implement a leaky integrator with an 

exponential property representing a partial loss (i.e., a decay) of 

sensory information at each time interval, leading successive samples 

to be less informative over time as shown on Figure 1 (Zemliak & 

MacInnes, 2022). The advantage of such a mechanism is to avoid 

accumulating redundant information, making the accumulation 

particularly sensitive to changes in evidence within the environment. 

Critically, accumulation is not the only mechanism that can differ from 

one model to another. Indeed, their action selection mechanism can 

also change. More precisely, some models follow an absolute stopping 

rule where the action is selected when one option reach a particular 

amount of evidence (absolute threshold). Others use a relative 
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stopping rule where the action is selected only if the evidence 

accumulated for one option exceeds that for the other alternative 

(relative threshold). While models with just one accumulator always 

use an absolute threshold (that is actually equivalent to a relative one), 

those with two accumulators can implement both, a relative threshold 

(Ratcliff & Smith, 2004; Reddi et al., 2003; Shadlen et al., 1996) or an 

absolute one (Brown & Heathcote, 2005; Usher & McClelland, 2001; 

Zemliak & MacInnes, 2022). A last difference that has been widely 

discussed in the literature concerns the dynamics of the threshold 

(Hawkins et al., 2015; Hawkins & Heathcote, 2021; Huang & Rao, 

2013; Karşılar et al., 2014; Voskuilen et al., 2016; Zhang et al., 

2014).Traditionally, the models have considered it as fixed over time 

(Audley & Pike, 1965; Brown & Heathcote, 2005; LaBerge, 1962; 

Ratcliff, 1978; Stone, 1960). However, although these models provide 

a good estimate of decision durations for tasks with a single level of 

difficulty, they are less effective as soon as tasks include two or more 

trial types (Cisek et al., 2009; Ditterich, 2006; Drugowitsch et al., 2012; 

Malhotra et al., 2018). Based on these observations, new models have 

been developed with an adjustment of the selection threshold over the 

time course of a trial (Barendregt et al., 2022; Ditterich, 2006; Kilpatrick 

et al., 2019; Malhotra et al., 2018; Thura et al., 2012). The intuition 

behind these models is that a dynamic threshold would be optimal for 

maximizing the rate of reward per time unit, by adapting the behavior 

to the different types of trials. 



 

11 
 

 

Figure 1. Decreasing rate of build-up in tasks with partially redundant information. 
Each green step illustrates the novel information contributed by an individual sample. 
Because this decreases over time, the total accumulated information (black lines) 
slows down, resembling a low-pass filter or “leaky” integrator. Note that although this 
may not be a problem for very easy trials, in hard trials the accumulated information 
may never reach the threshold. Figure and legend from Cisek et Thura (2022) with 
agreement.  

 

My PhD project focuses on two models. The first one, called 

“drift diffusion model” or “DDM”, is the most widely used in the literature 

(Berkay et al., 2018; Carsten et al., 2023; Dutilh et al., 2013; Herz et 

al., 2017, 2018; Lerche & Voss, 2019; Purcell & Kiani, 2016; Rafiei & 

Rahnev, 2021; Soutschek & Tobler, 2023). In this model, evidence is 

accumulated at discrete time intervals through one accumulator from 

a starting point z to a fixed decision threshold T (see Fig. 2). Decision 

making here depends on three main factors: the amount of evidence 

required to decide (determined by the distance between the starting 

point z and the selection threshold T), the speed of evidence 

accumulation (commonly known as the drift rate) and the noise. 

Computationally, decision duration may be formalized as follows: 
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Where  is the decision variable for the selection probability of choice 

 over choice .  represents the drift rate, which is the gain 

mulipliying the evidence signal for choice  at time  ( ). The last 

term in the equation implements a white noise process with mean 0 

and variance . 

Interestingly, the “distance to the threshold” is seen as inherent 

to the subject’s decision policy while the drift rate is influenced by 

multiple factors, such as the level of evidence and the subject’s level 

of arousal (Ratcliff & McKoon, 2008; Ratcliff & Smith, 2004). In order 

to estimate several decision durations without changing the value of 

parameters (i.e., drift rate, starting point and selection threshold), a 

variability across trials is incorporated to specific parameters. 

Interestingly, such variability also plays a role in differentiating decision 

durations between correct and incorrect decisions (Bogacz et al., 

2010; Forstmann et al., 2016; Rafiei & Rahnev, 2021; Ratcliff, 1978; 

Ratcliff & Rouder, 1998). More precisely, by adding a variability across 

trials at the starting point, models can predict shorter decision 

durations for errors than for correct decisions. Moreover, by adding a 

variability at the drift rate, they can, in this case, predict longer decision 

duration for errors than for correct trials. Beside the decision making 

process, the DDM estimates the duration of two other processes: one 

responsible for information encoding (i.e., the time required for the 

nervous system to detect and encode the stimulus) and one 

responsible for response execution (i.e., the time required for the 

nervous system to execute the selected action). They are generally 

lumped in a single non-decision parameter (Ter) and added to 

decision duration (DD), to derive the predicted reaction time (RT): 

 (Myers et al., 2022; Ratcliff & McKoon, 2008). A term 

(1) 
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of variability across trials is also incorporated to this last parameter, to 

estimate the decision duration for extremely fast errors (Forstmann et 

al., 2016; Rafiei & Rahnev, 2021).  

 

Figure 2. Decision making is a noisy process where decision duration is defined as 
the time required to accumulate evidence from a starting point (Z, green dotted line) 
to a selection threshold (T, black lines). The time taken to make a decision depends 
on three main factors: the amount of evidence required to decide (Distance to the 
threshold, bottom left), the speed of evidence accumulation (Speed of accumulation, 
bottom right) and the noise. 

 

Even if the DDM is popular in the literature, it does not appear 

optimal for all situations. As previously explained, using a fixed 

threshold constrains the tasks in which decision durations can be 

effectively estimated (the task with one level of difficulty). This 

limitation has led to new computational suggestions, including the 

“urgency gating model” or “UGM”, which is the second model I have 

focused on during my PhD (Carland et al., 2019; Cisek et al., 2009; 

Cisek & Thura, 2022; Derosiere et al., 2021, 2022; Ferrucci et al., 
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2021; Thura et al., 2014). The UGM remains close to the DDM with an 

accumulation at discrete time intervals through one accumulator, but, 

it entails three major differences. First, in this model, the integration of 

evidence is considered as partial, with the computation of a leaky 

integrator. Secondly, evidence accumulation is influenced by a time-

varying gain, called “urgency signal”. Computationally, this signal is 

typically modelled as increasing linearly over time pushing the starting 

point close to both selection thresholds, which is mathematically 

equivalent to a lowering of the latter (Churchland et al., 2008; Cisek et 

al., 2009; Ditterich, 2006; Murphy et al., 2016a; O’Connell et al., 2018; 

Thura, 2020). More precisely, the urgency signal includes an intercept, 

which reflects the degree to which the starting point is upregulated 

(i.e., the distance to the threshold is decreased) and a slope, which 

reflects how fast the distance to the threshold will be reduced as time 

elapses. Note that because urgency signal is computed as a 

multiplication, it decreases the distance to both thresholds equally. 

Consequently, it does not introduce a bias towards one action over the 

other in the decision making process. Such gain was first suggested 

by Ditterich (2006) to constrain the time wasted in making a decision 

when the level of evidence is low (i.e., how the threshold is reached 

when the drift rate is low). Finally, the UGM is restricted to the decision 

making process and does not include the duration of the non-decision 

parameter in his computation. Therefore, to compare the decision 

duration estimated from the model with the real data, one has to 

estimate the duration of non-decision processes from simple tasks 

before subtracting it to the RT of the main task, keeping only the 

decision duration for each trial (Derosiere et al., 2022; Ferrucci et al., 

2021; Thura et al., 2014). So, the decision duration is computed here 

as:  
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,  

 

 

Where, as in the equation 1, the variable  is the “decision variable” 

that keeps track of the evidence in favor of choice T. But in the UGM, 

the equation defines a leaky integrator considering only changes in 

evidence, which are then multiplied by an urgency signal . This gain 

is defined as a simple linear function with slope  and intercept . The 

last term implements a white noise process with mean 0 and variance

. 

Since the UGM was first developed, it has often been compared 

with the DDM (Carland et al., 2015, 2016; Cisek & Thura, 2022; Evans 

et al., 2017; Ferrucci et al., 2021; Winkel et al., 2014). Over the studies, 

it has appeared that both models, the DDM and UGM, make quite 

equivalent estimations of decision durations for tasks with a constant 

level of evidence (Cisek & Thura, 2022). Yet, the UGM typically 

outperforms the DDM for dynamic tasks where evidence changes over 

the course of the trial (Ferrucci et al., 2021; Trueblood et al., 2021). 

Importantly, the aim of my PhD was not to compare these two models, 

but simply to use them according to the hypotheses and previous 

results available in the literature, as explained later, in the last section 

of the global introduction (see summary of objectives). 

Past studies of contextual adaptations using DDM and UGM 

Several studies have already investigated how human and non-

human animal behavior is adapted under time pressure (Arnold et al., 

2015; Carsten et al., 2023; Chittka et al., 2009; Derosiere et al., 2022; 

Heitz, 2014; Herz et al., 2017; Mulder et al., 2013; Ratcliff, 1978; 

Ratcliff & Rouder, 1998; Spieser et al., 2017; Thura, 2020; Thura et 

(2) 
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al., 2014; Vanunu & Ratcliff, 2023; Zhang et al., 2014). Creating such 

an urgency to respond, they found that subjects shorten their decision 

duration. At the computational level, this shortening is typically 

associated with a reduction in the selection threshold in the DDM 

(Arnold et al., 2015; Carsten et al., 2023; Herz et al., 2017; Mulder et 

al., 2013; Ratcliff, 1978; Ratcliff & Rouder, 1998; Vanunu & Ratcliff, 

2023; Zhang et al., 2014) and with an increased urgency intercept in 

the UGM (Derosiere et al., 2022; Thura, 2020; Thura et al., 2014).  

Both of these effects are mathematically equivalent and result in a 

reduction in the amount of evidence required to select an action. By 

contrast with the DDM, the slope of the urgency signal in the UGM 

suggests an increase in urgency with the passage of time, resulting in 

a gradual decrease in the amount of evidence required to reach 

threshold, whatever the context (i.e., the initial time pressure). 

Consistently, decisions following a long deliberation are typically 

based on a lower level of evidence than decisions made faster (Cisek 

et al., 2009; Derosiere et al., 2019; Thura et al., 2014). The advantage 

of a rising signal is that it allows deliberation to start with a relatively 

“low urgency” (high threshold), to avoid quick errors in easy trials (i.e., 

with a high drift rate), but then still to end with a relatively “high 

urgency” (low threshold) to avoid waiting forever in difficult trials with 

little evidence (i.e., with a low drift rate). Hence, it provides a better 

ratio between speed and accuracy than DDM using a fixed threshold 

(Evans et al., 2020). Indeed, in order to ensure rapid decision making 

in difficult trials under time pressure, a fixed threshold must be greatly 

reduced from the beginning, leading to some incorrect decisions in 

easy trials.  

Regarding the drift rate, the impact of the urgency context is 

less consistent in the literature. In most cases, the drift rate remains 

unchanged under time pressure (Herz et al., 2017; Lerche & Voss, 
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2019; Mulder et al., 2013; Ratcliff & McKoon, 2008; Vanunu & Ratcliff, 

2023; Wagenmakers et al., 2008; Zhang et al., 2014) and is sometimes 

increased (Arnold et al., 2015; Evans et al., 2020; Rae et al., 2014) or 

decreased (Carsten et al., 2023; Evans et al., 2020). However, the few 

effects found had very low statistical power, leading to the conclusion 

that drift rate is probably not impacted by urgency (Evans et al., 2020). 

By contrast, the reduction of the distance to threshold is often 

accompanied by a shortening of non-decision processes (Arnold et al., 

2015; Carsten et al., 2023; Lerche & Voss, 2019; Mulder et al., 2013; 

Vanunu & Ratcliff, 2023; Zhang et al., 2014). The DDM does not 

dissociate evidence encoding and motor execution, but, behavioral 

data support, at least, the impact of urgency on motor execution. 

Indeed, fast decisions are typically followed by faster movements 

(Carsten et al., 2023; Churchland et al., 2008; Drugowitsch et al., 

2012; Thura, 2020; Thura et al., 2014). Interestingly, the reverse 

relationship has been also reported: two studies have revealed that 

when the context requires subjects to perform fast movements, the 

decisions leading to them occur faster, compared to contexts in which 

subjects have to perform slower movements (Carsten et al., 2023; Kita 

et al, 2023). These observations suggest a coregulation of decision 

and movement speed, though this idea has been questioned lately due 

to the finding that decision and movement speed do not always 

correlate (Reynaud et al., 2020; Saleri Lunazzi et al., 2021). 

Past studies of post-error adjustments using DDM and UGM 

As explained above, under time pressure, subjects shorten their 

decision duration at the expense of accuracy. However, although 

decision accuracy is reduced, it remains above the chance level 

(Carsten et al., 2023; Derosiere et al., 2022; Steinhauser & Andersen, 

2019). This suggests that, even under time pressure, behavior results 
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from a speed-accuracy tradeoff. Therefore, making errors leads to an 

adjustment in the subject's behavior. These adjustments are typically 

studied in two-choice reaction time tasks by investigating changes in 

decision speed and accuracy in trials that follow an error, commonly 

referred to as ‘‘post-error adjustments’’. Using such tasks, subjects 

typically slow down after an error, a phenomenon called ‘‘post-error 

slowing’’ (PES; Dubravac et al., 2022; Fu et al., 2019; Nigbur & 

Ullsperger, 2020; Topor et al., 2021). Traditionally, PES is 

accompanied by an increase in decision accuracy, suggesting an 

increase in caution in the response strategy (Beatty et al., 2020; 

Cavanagh et al., 2014; Purcell & Kiani, 2016; Rabbitt & Vyas, 1970; 

Siegert et al., 2014; Smith & Brewer, 1995; Steinhauser & Andersen, 

2019). Computationally, this increase in precaution has been 

attributed to an adaptive increase in selection threshold to improve 

performance in the subsequent trial (Dutilh et al., 2012; Fischer et al., 

2018; Purcell & Kiani, 2016; Schiffler et al., 2017). However, PES 

turned out to be occasionally “maladaptive”. As such, sometimes, 

slowing down does not necessarily lead to an improvement in 

accuracy; in fact, PES can even come with a decrease in decision 

accuracy (Ceccarini et al., 2019; Compton et al., 2021; Eben et al., 

2020a; Kirschner et al., 2021; Schroder et al., 2020; Smith et al., 

2020).This maladaptive PES is often associated with a reduction in 

attention that can be translated computationally by a reduction in drift 

rate (Purcell & Kiani, 2016; Wessel, 2018). Hence, while PES has 

been consistently reported in the literature, its functional role seems to 

vary according to the situation where it may improve or not accuracy. 

These discrepancies raise questions about the function of such a 

slowdown and the factors that can influence it (Damaso et al., 2020; 

Kirschner et al., 2021; Wessel, 2018). One of the aims of my thesis 
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was to assess whether the context in which decisions are made (i.e., 

context with a high or low urgency level) could be one of these factors. 

 

2.2. Tokens task 

We are living in a dynamic world where evidence is 

continuously changing, providing a variety of action opportunities with 

varying degrees of payoff. In such an environment, animals are free to 

decide how long to deliberate before selecting and committing to the 

action they value the most for the current moment. In order to 

understand the mechanisms involved in decision making, we therefore 

need a task that approximates the characteristics of a dynamic 

environment (i.e., one task where evidence can change over the 

course of a trial, and where subjects can choose when they have to 

make their decision). The Tokens task developed by the group of Paul 

Cisek is a perceptual discrimination task corresponding to such 

characteristics (Cisek et al., 2009; Derosiere et al., 2019, 2021, 2022; 

Thura & Cisek, 2014). The following section will focus on this task. 

First, I will describe the basic principles of the Tokens task. Second, I 

will discuss how this task proved very useful in highlighting the 

behavior adaptations under urgency context. 
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Figure 3. A. Tokens Task. Fifteen tokens jumping one by one from a central circle to 
one of two lateral circles and the subjects have to guess which lateral circle will 
ultimately receive the majority of the tokens. B. Banana Task. Two mini-bananas 
growing asymmetrically over time by following a circular trace around a fixation point 
and subjects have to guess which will grow the most. 

 

Basic principles of the Tokens task 

Briefly, the Tokens task requires to continuously monitor the 

distribution of 15 tokens jumping one by one from a central circle to 

one of two lateral circles (see Fig. 3.A). The subjects are instructed to 

guess which lateral circle will ultimately receive the majority of the 

tokens; they have to indicate their choice whenever they want before 

the last token jump, by performing a movement corresponding to one 

of the two lateral circles. An adaptation of the Tokens task has recently 

been developed in our lab (Carsten et al., 2023). In this version, tokens 

animation is replaced by 2 mini-bananas growing asymmetrically over 

time by following a circular trace around a fixation point (see Fig. 3.B). 

In this task, subjects have to observe the bananas grow and to choose 

which one will grow the most over the course of the trial. As in the initial 

task, they can indicate their decision at any time before the end of the 

trial (i.e., before the two bananas together cover 358° around the 
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fixation point). The aim of this banana task is to recreate the Tokens 

task without discrete events (token jumps) in order to avoid eye 

movements and to be potentially used with electroencephalography. 

As mentioned earlier, an advantage of the Tokens task is that, 

when combined with a simple decision making task, it allows to 

dissociate the decision duration from the duration of non-decision 

processes (Derosiere et al., 2019; Ferrucci et al., 2021; Thura et al., 

2012). Two simplified tasks have been used in the literature. The most 

common is a simple reaction time (SRT) task (Carsten et al., 2023; 

Derosiere et al., 2019, 2021, 2022; Leroy et al., 2023; Reynaud et al., 

2020; Saleri Lunazzi et al., 2021; Thura, 2020; Thura et al., 2014; 

Thura & Cisek, 2014). This task has no decision component, since 

subjects know the response in advance. That is, they can prepare their 

movement and wait for all tokens to jump into the pre-selected circle 

at the same time (go signal) to execute it as quickly as possible.  With 

such a design, the SRT task measures the sum of the delay 

attributable to sensory processing of the go signal display as well as 

to response initiation and muscle contraction.  Another, less frequently 

used task is a simple choice reaction time (CRT) task in which the 

choice component was reduced but still present (Cisek et al., 2009; 

Ferrucci et al., 2021). In this case, the central circle contained either 1 

or 15 tokens, which jumped (together) into one of the two circles at the 

go signal. Subjects had then to select the circle as quickly as possible 

after the go signal. Keeping a minimal decision component allows the 

estimation of the time needed to prepare the motor response. Indeed, 

there is some evidence that even if subjects prepare their movement 

in advance in both the SRT and the CRT tasks, their level of 

preparation is lower in the latter (Quoilin et al., 2019). 
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Contextual adaptations of the behavior in the Tokens task 

Since the Tokens task involves a decision and a movement, it 

allows us to investigate the interactions that may exist between these 

two levels of control. One of the aims of my thesis was to investigate 

how the level of urgency affects the interaction between decision 

making and movement execution. More precisely, we tested the 

hypothesis that the speed with which we select an action and execute 

it are, in part, controlled by a common mechanism. To do so, we 

manipulated, on the one hand, decision speed and investigated the 

impact of this manipulation on the execution of the ensuing movement. 

On the other hand, we manipulated the movement indicating the 

choice in order to observe how changes in movement speed can affect 

its selection. 

The level of urgency can be varied in several ways (see Heitz, 

2014 for review). For instance, in human and non-human primates, it 

has been manipulated by changing the length of the inter-trial interval 

(Carsten et al., 2023; Cisek et al., 2009; Thura, 2020; Thura et al., 

2014) or by manipulating reward and penalty for correct and incorrect 

decisions, respectively (Derosiere et al., 2019, 2021, 2022). In the first 

case, hasty decisions are encouraged by considerably accelerating 

token jumps once subjects have made their decision, shortening the 

inter-trial interval. Short interval is known to lead subjects to respond 

faster at the sacrifice of their accuracy in order to maximize the 

average reward rate (Carsten et al., 2023; Cisek et al., 2009; Heitz, 

2014; Simen et al., 2009; Thura, 2020; Thura et al., 2014). That is, by 

responding faster, they finish the trial earlier and save time to do 

something else (i.e., to finish the experiment earlier or to complete 

additional trials, depending on whether the blocks of the task include 

a fixed number of trials or a fixed duration, respectively). By contrast, 
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cautious decisions are favored by reducing the post-decision 

acceleration of the token jumps, which limits the number of decision 

opportunities. In other words, when the chances of time-saving are 

low, the best strategy to maximize the reward rate is to ensure decision 

accuracy (Heitz, 2014). Another way to induce time pressure is by 

decreasing the reward as a function of reaction time. Indeed, dropping 

reward over time pushes subjects to respond as fast as possible 

(Derosiere et al., 2019, 2021, 2022; Swensson & Edwards, 1971). This 

time pressure can, however, be tempered by increasing the penalty 

associated with incorrect decisions (Derosiere et al., 2021, 2022).  

Whatever the manipulation used in the Tokens task, studies 

show that subjects decide more quickly when the context emphasizes 

speed over accuracy (Carsten et al., 2023; Cisek et al., 2009; 

Derosiere et al., 2022; Thura, 2020; Thura et al., 2014). This haste is 

accompanied by a decrease in accuracy, supporting the idea that 

subjects are adapting their speed-accuracy tradeoff. Moreover, the 

shortening of decision duration is sometimes accompanied by an 

acceleration of movement speed (Carsten et al., 2023; Thura, 2020; 

Thura et al., 2014). Moreover, these changes in movement speed 

between the two contexts (i.e., between the context favoring decision 

speed and those favoring decision accuracy) correlate with changes 

in decision speed, suggesting a coregulation between these two levels 

of control (Carsten et al., 2023). Critically, in both contexts, movement 

duration seems to shorten after a long deliberation, suggesting that 

movement speed is also sensitive to the increase in the urgency signal 

over the course of a trial (Thura, 2020; Thura et al., 2014). Based on 

these observations, one hypothesis emerged in the literature: the 

urgency signal could be the mechanism responsible for the 

coregulation between decision and movement speed (Thura, 2020).  
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Interestingly, the coregulation hypothesis suggests that the link 

between decision speed and movement speed is bidirectional. That is, 

the speed with which subjects perform their movement can influence 

the speed of the decision from which it derives. The Tokens task allows 

to test this hypothesis by manipulating the movement required to 

indicate the decision. The movement involved in the task has varied 

between the different studies, ranging from a reaching movement 

(Reynaud et al., 2020; Saleri Lunazzi et al., 2021; Thura, 2020; Thura 

et al., 2014) to moving the mouse of a computer (Ferrucci et al., 2021), 

to pressing a button on a keyboard (Derosiere et al., 2019, 2021, 

2022), to a tapping movement (Carsten et al., 2023). Depending on 

the movement used, the speed of its execution can be either directly 

manipulated by time constraints (i.e., giving a minimum or maximum 

time to perform it) or indirectly by accuracy constraints (i.e., 

manipulating the difficulty of the movement to be performed). 

Four studies have already investigated the interactions between 

decision making and movement execution, by looking at the impact of 

movement constraints on decisions with the Tokens task (Carsten et 

al., 2023; Leroy et al., 2023; Reynaud et al., 2020; Saleri Lunazzi et 

al., 2021). In a recent experiment in our lab, manipulating the 

movement speed altered decision speed in a way that was consistent 

with the coregulation hypothesis (Carsten et al., 2023). As such, here, 

context requiring subjects to perform faster movements was 

associated with faster decisions than context allowing the same 

movements to be performed slower. It is interesting to note that in the 

study by Carsten et al. (2023), the time allocated for the deliberation 

and the movement execution were independent, making coregulation 

between them unattractive for the reward rate; making faster decisions 

did not allow to shorten the trial/block duration. This led us to think that 

coregulation of decision and movement may be a ubiquitous feature 
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of human behavior, one that occurs by default. Yet, in their recent 

work, Thura and his team have reported a reversed result with slow 

decisions in context requiring subjects to perform fast relative to slow 

movements, reminiscent of a tradeoff rather than a coregulation effect 

(Saleri Lunazzi et al., 2021). Critically, in this study, subjects had to 

make a certain number of correct choices to complete the experiment. 

Hence, in that context, the coregulation between the two levels of 

control would have reduced the probability of making a correct 

decision and would have been detrimental to the reward rate. 

Interestingly, they replicated these results by manipulating the 

constraints on movement accuracy. In this case, the impact of the 

accuracy constraint on movement speed is based on the idea that 

movement execution also responds to a rule of a speed-accuracy 

tradeoff (Danion et al., 1999; Heitz, 2014; Zhai et al., 2004). In other 

words, the more difficult the movement, the greater the demand for 

accuracy (high accuracy), resulting in a reduction in movement speed 

(low speed). By contrast, the easier a movement is, the faster it can 

be executed (high speed), as the demand for precision is low (low 

accuracy). In addition to enabling fast movements, easy movements 

were associated with slower decision durations, suggesting a slowing 

down of decision durations with a release of accuracy constraints 

(Reynaud et al., 2020). However, it only seems to be present if the 

constraints are imposed per block (block manipulation) and not 

imposed progressively within a block (trial manipulation, Leroy et al., 

2023). 

In conclusion, studies that have looked at the interactions 

between decision and movement speed under urgency context have 

reported mixed findings. Studies on the impact of decision speed on 

movement execution have led to the most consistent findings even 

though some studies have failed to observe an increase of movement 
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speed with a hastening of decisions. Only one of the four studies 

looking at the impact of movement speed on the pattern of decision 

speed has shown a coregulation between the two levels of control 

(Carsten et al., 2023). Importantly, this coregulation was present even 

though it did not increase the rate of reward. This suggests a common 

process between decision making and movement execution occurring 

by default. The three others studies showed some dissociation 

between the two levels of control, reminiscent of a tradeoff rather than 

a coregulation effect (Leroy et al., 2023; Reynaud et al., 2020; Saleri 

Lunazzi et al., 2021). Hence, these collective findings under temporal 

pressure (i.e., under high urgency) highlight the existence of one 

mechanism, called “urgency signal”, that automatically coregulates the 

decision and movement speed. Nevertheless, the lack of coregulation 

in some studies leads us to believe that the urgency signal depends 

on various other distinct mechanisms. 

Post-error adjustments of the behavior in the Tokens task 

Contrary to the adaptation of behavior to a given context, few 

studies have looked at the adjustment of behavior following an error in 

the Tokens task. A first study in monkeys showed that post-error 

adjustments are influenced by the context and error expectation 

(Thura et al., 2017). More precisely, monkeys slow down after an error 

and particularly in a context emphasizing decision speed. They also 

showed that, whatever the context, PES is greater when the error is 

unexpected compared to when it is expected. Surprisingly, one 

monkey showed a shortening of decision duration after an error when 

the context favored decision accuracy, instead of a slowing down. This 

post-error speeding has already been observed in the literature and 

seems related to a sense of frustration at the "loss" of reward (Eben et 

al., 2020c; Gipson et al., 2012; Verbruggen et al., 2017). A second 
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study looked at behavioral adjustments in humans. It showed a 

general slowing down after an error, but only in the absence of strict 

temporal constraints on movement (Saleri Lunazzi et al., 2023). 

Indeed, when subjects had to follow particular instructions regarding 

the duration of their movement, no adjustment was observed after an 

incorrect decision. Hence, consistent with the literature, trial-to-trial 

adjustments vary widely from one study to another. This variability is 

probably due to the fact that these adjustments are complex and 

influenced by multiple factors (Damaso et al., 2020; Kirschner et al., 

2021; Wessel, 2018). Critically, the two studies did not use evidence 

accumulation models to compute the post-error adjustments of the 

behavior. This may be due to small effect size or an insufficient number 

of trials making the computation difficult. 

 

2.3. Summary of objectives 

The main objective of my PhD was to investigate the role of urgency 

on motor behavior. In a first project, I evaluated how urgency 

influences the interactions between decision making and movement 

execution. For this project, we used the UGM in order to evaluate the 

link between the urgency signal and our behavioral data (i.e., with 

decision and movement speed). In a second project, I assessed 

whether urgency is one of the factors influencing post-error 

adjustments. For this second project, the observation of behavioral 

adjustments was based on a limited number of trials, making the 

computation impossible. In order to interpret our results from a 

computational perspective, we relied on existing literature that uses 

the DDM. 
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Abtract: The speed at which we move is linked to the speed at which 

we decide to make these movements. Yet, the principles guiding such 

relationship remain unclear: while some studies point towards a 

shared invigoration process boosting decision and movement speed 

jointly, others rather indicate a tradeoff between both levels of control, 

with slower movements accompanying faster decisions. Here, we 

aimed (1) at further investigating the existence of a shared invigoration 

process linking decision and movement and (2) at testing the 

hypothesis that such a link is masked when detrimental to the reward 

rate. To this aim, we tested 62 subjects who performed the Tokens 

task in two experiments (separate sessions): Experiment 1 evaluated 

how changing decision speed affects movement speed while 

Experiment 2 assessed how changing movement speed affects 

decision speed. In the latter experiment, subjects were either 

encouraged to favor decision speed (fast decision group) or decision 

accuracy (slow decision group). Various mixed model analyses 

revealed a coregulation of decision (urgency) and movement speed in 

Experiment 1 and in the fast decision group of Experiment 2, but not 

in the slow decision group despite the fact that these same subjects 

displayed a coregulation effect in Experiment 1. Altogether, our 

findings support the idea that coregulation occurs as a default mode 

but that this form of control is diminished or supplanted by a trade-off 

relationship, contingent on reward rate maximization. Drawing from 

these behavioral observations, we propose that multiple processes 

contribute to shaping the speed of decisions and movements. 
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3.1. Introduction 

Every day of our life, we make decisions to interact with our 

environment in a goal-directed manner. Several models have been 

developed to explain how we select actions by describing decision 

making as a process of noisy accumulation of evidence: during 

deliberation, sensory evidence is accumulated until the total evidence 

in favor of one of the potential actions reaches a certain threshold, at 

which point the decision is made and an action is initiated (Gold & 

Shadlen, 2007; Hanks et al., 2014; Ratcliff et al., 2016). In the context 

of motor behavior, such accumulation directly converts into an 

increase of neural activity in the motor cortex, from a starting point to 

a consistent decision threshold (Cisek & Thura, 2022; Kelly et al., 

2021; Ratcliff & Smith, 2004). In these models, the time taken to select 

a motor act is a direct function of the speed with which motor activity 

grows (based on evidence) and of the amount of activity required to 

reach the threshold, which sets the accuracy criterion.  

Decisions can be made even when evidence is low or absent, 

suggesting that the accuracy criterion can be reduced if necessary. 

For instance, if we unexpectedly reach a junction when driving a car, 

we must rapidly decide whether to turn left or right, regardless of 

readiness and evidence, increasing the risk of an inappropriate choice. 

Past studies have suggested that this decrease in accuracy criterion 

can be implemented by an evidence-independent rising “urgency 

signal” pushing motor activity close to decision threshold, which is 

mathematically equivalent to a lowering of the latter (Churchland et al., 

2008; Cisek et al., 2009; Ditterich, 2006; Murphy et al., 2016a; 

O’Connell et al., 2018; Thura, 2020). Computationally, this urgency 

signal is typically modelled as increasing linearly over time (Cisek et 

al., 2009; Derosiere et al., 2019, 2021, 2022; Kelly et al., 2021); it 
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includes an intercept, which reflects the degree to which motor activity 

is upregulated already at the onset of the decision process (i.e., 

context-sensitive effect), and a slope, which reflects how fast motor 

activity will be pushed towards the decision threshold as time elapses 

(i.e., time-sensitive effect).  

Reward plays an important role in animal behavior and “reward 

rate” maximization is a prominent principle in the field of decision 

making (Lemon, 1991; Shadmehr et al., 2019). More precisely, the 

reward rate is the sum of all rewards acquired through our actions, 

minus the costs implied over the total time spent (Carland et al., 2019; 

Yoon et al., 2018). Critically, the urgency signal described in models 

of decision making is typically considered as useful for maximizing the 

reward rate (Carland et al., 2019; Charnov, 1976; Thura et al., 2012). 

That is, by its context-sensitive effect, the urgency signal can shorten 

the time invested to obtain the reward. In addition, by its time-sensitive 

effect, it allows to make decisions without waiting indefinitely, even 

when there is only little or no evidence. 

Several observations in both human and non-human primates 

indicate that the time one takes to decide impacts the speed of the 

movement implementing the decision (Churchland et al., 2008; Thura 

et al., 2014; Drugowitsch et al., 2012). That is, faster decisions are 

typically followed by quicker movements. Interestingly, the reverse 

relationship has been observed too: one study in our lab has revealed 

that when the context requires movements to be performed in a shorter 

time period, the decisions leading to them arise faster, compared to 

contexts in which subjects have more time to perform the same 

movement (Carsten et al., 2023). Altogether, these findings suggest 

that the urgency signal implemented in decision making models may 

not solely operate at this restricted level but may shape behavior in a 
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global manner, coregulating the speed of both decisions and 

movements (Carsten et al., 2023; Thura, 2020). This “coregulation 

hypothesis” is consistent with the view that the urgency signal serves 

to maximize reward rate, as in most situations a speeding up of both 

decision and movement will shorten the time required to obtain a 

reward (Shadmehr et al., 2019). Also consistent with this hypothesis 

is the fact that some studies have reported a time-sensitive effect of 

decision urgency on movement speed: that is, within a given context, 

movements that are initiated following a longer deliberation are 

typically faster than movements associated with earlier decisions, 

reflecting well the linear increase in urgency over time (Thura et al., 

2014; Thura, 2020).  

The “coregulation hypothesis” has received systematic support 

from studies investigating the impact of decision urgency on 

movement speed (Carsten et al., 2023;Thura et al., 2014; Thura, 

2020). By contrast, studies that have addressed this relationship 

inversely, by looking at the impact of movement speed on the pattern 

of decision speed, have reported mixed findings (Carsten et al., 2023; 

Kita et al.,2023; Reynaud et al., 2020; Saleri Lunazzi et al., 2021). As 

mentioned above, we recently observed changes in decision speed in 

relation to context-dependent adjustments in movement speed that 

are consistent with the coregulation hypothesis (Carsten et al., 2023). 

It is interesting to note that in the latter study, the increase in decision 

speed when subjects had to perform faster movements occurred even 

when there was no possibility of saving time by doing so; that is, 

making faster decisions did not allow to shorten the trial/block duration. 

This led us to think that coregulation of decision and movement may 

be a ubiquitous feature of human behavior, one that occurs by default 

even when not required, arising from a neural organization that has 

developed because most real-life (urgent) situations require rapid 
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actions (i.e., including fast decisions and fast movements). Yet, in their 

recent work, Thura and his team have reported a slowdown of decision 

speed (rather than a speedup) in contexts requiring subjects to 

perform faster movements (Reynaud et al., 2020; Saleri Lunazzi et al., 

2021), reminiscent of a tradeoff rather than a coregulation effect. Yet 

importantly, this bunch of work used an experimental design in which 

subjects knew that a block would only end after a fixed number of 

correct decisions. Hence, here speeding up decisions was detrimental 

to the reward rate, as the gain of time on a trial basis would have led 

to lengthening the experiment, given the decline in accuracy that 

typically accompanies faster decisions. 

Based on these collective findings, it appears that if an urgency 

mechanism exists in the brain, it must interact with other processes 

that provide human beings with a flexible control of decision and 

movement for adaptive behavior according to the task goals, as 

previously suggested (Saleri Lunazzi et al., 2021) but never tested 

directly. Here, we addressed this idea in two behavioral experiments 

on healthy young human participants who performed a variant of the 

Tokens task in different contexts. Specifically, we tested the prediction 

that decision and movement durations would be linked by default in 

this task but that this coregulation would disappear in the same 

subjects when detrimental in terms of reward rate, as a function of the 

context in which they perform the task. 

3.2. Methods 

Participants and ethical statement 

A total of 62 healthy human volunteers were recruited for this 

study, but due to technical issues the data were processed on 56 

subjects (30 women, 24.6 ± 3.4 years old). All participants were right-
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handed according to the Edinburgh Questionnaire (Oldfield, 1971) and 

had normal or corrected-to-normal vision. None of them had any 

neurological disorder or history of psychiatric illness or drug or alcohol 

abuse; and no one was following any clinical treatment that could have 

influenced performance. The protocol was approved by the Ethics 

Committee of the Université catholique de Louvain (UCLouvain), 

Brussels, Belgium (approval number: 2018/22MAI/219) and adhered 

to the principles expressed in the Declaration of Helsinki. Participants 

were financially compensated for their participation and provided 

written informed consent. 

Setup and task 

Experiments were conducted in a quiet and dimly lit room. 

Participants were seated in front of a 21-inches cathode ray tube 

computer screen, placed at 60 cm from the participant’s eyes and used 

to display stimuli during the task. The display was gamma-corrected, 

and its refresh rate was set at 75 Hz. Participants’ forearms were 

positioned in a neutral position (i.e., at 0 degree of pronation and 

supination) on a Canadian board (see Fig.1.A), used to standardize 

and fix the resting position of the index fingers with elastic bands. 

Moreover, two lasers (targeting the tip of each index finger) were used 

to indicate the resting position (i.e., 0 degree of index flexion) and the 

minimum amplitude of the left or right index finger movement required 

in the task (i.e., 30 degrees of flexion, see Fig. 1.B and below for more 

details).  

We used a variant of the Tokens task (Cisek et al., 2009;Thura 

et al., 2014) which has already been exploited in various ways in 

several past studies of our lab (Derosiere et al., 2019, 2022; Fievez et 

al., 2022) The current version of the task was implemented with Matlab 

2016 (The Mathworks, Natick, Massachusetts, USA) and the Cogent 
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2000 toolbox (Functional Imaging Laboratory, Laboratory of 

Neurobiology and Institute of Cognitive Neuroscience at the Welcome 

Department of Imaging Neuroscience, London, UK).  

 

Figure 1. Experimental material A. Setup.  Participant forearms were positioned in 

a neutral position on a Canadian board, with elastic bands maintaining the index 

fingers in a resting position. B. Laser device.  Two lasers (targeting the tip of each 

index finger) were used to indicate the resting position (i.e., 0 degree of flexion; laser 

1) and the minimum amplitude (i.e., 30 degrees of flexion; laser 2) of the left or right 

index finger movement required in the task.  C. Task. Each trial starts with an initiation 

phase during which participants have to perform a bilateral flexion of index fingers to 

signal their readiness. When index fingers return to their resting position, the 3 circles 

remain empty for a variable pre-decision period (150-300 ms). Then, 15 tokens appear 

in the central circle and start jumping one by one every 200 ms. Subjects are required 

to determine, as soon as they feel ready, which lateral circle will end up with the largest 

number of tokens (left one in this example), and to report their decision with a left or 

right index finger movement triggering a pacman animation (more details can be found 

in the main text). Once the movement phase is over, the central circle finishes to 

empty with the final token jumps. The trial ends with a feedback (fully successful trial 

in this example; more in the main text) followed by a blank screen of variable intertrial 

duration (1800-2000 ms). 
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Sequence of events in a trial 

The overall sequence of events for each trial of our task is 

depicted in Figure 1.C. Each trial starts with the appearance of 3 empty 

blue circles (4 cm diameter each), placed on a horizontal axis, with the 

sentence “Ready to start” displayed below them. During this initiation 

phase, subjects are required to perform a bilateral flexion of index 

fingers to indicate that they are ready to start the trial. When index 

fingers return to their resting position, the 3 circles remain empty for a 

short pre-decision phase of random duration (150-300 ms). The 

decision phase then starts with the appearance of 15 randomly 

arranged tokens (0.3 cm diameter) in the central circle that start to 

jump one by one from the center to one of the 2 lateral circles, every 

200 ms. The task of the subjects is to determine which of the two 

lateral circles will end up with the largest number of tokens and to 

report their decision with a left or right index finger movement. The 

movement phase involves a pacman animation that will be described 

below in more details. Once this phase is over, the final tokens 

continue to jump until the central circle is empty (i.e., until the 15th 

token jump; Jump-15). Note that subjects are told that they are 

expected to respond before Jump-15, as soon as they feel sufficiently 

confident. The trial always ends with a feedback (see below for more 

details) which is followed by a blank screen during a variable intertrial 

interval (1800-2000 ms).  

Trial types and success probability 

The difficulty of the decision in each trial of the task depends on 

the dispersion of tokens along the jumps, which could point more or 

less obviously to one of the lateral circles. This pattern of token 

distribution and the degree to which it affects success of the subjects 

can be formalized with what is called the “success probability”. That is, 
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for each trial i, and at each moment in time, we can define the success 

probability pi(t) associated with choosing a response (left or right). If at 

a moment, the left (L) circle contains NL tokens, the right (R) once 

contains NR tokens, and NC tokens remain in the central (C) circle, 

then the probability that the left response is ultimately the correct one 

(i.e., the success probability of guessing left) is described as follows: 

 

Calculating this quantity for the 15 token jumps allowed us to 

characterize the temporal profile of success probability pi(t) for each 

trial. As such, as far as the participants knew, the individual token 

jumps and the correct choice were completely random. However, we 

interspersed distinct trial types within the full sequence of trials. First, 

in 60% of trials, the pi(t) remained between 0.33 and 0.66 up to Jump-

8, that is, the initial token jumps were balanced between the lateral 

circles, keeping the pi(t) close to 0.5 until late in these “ambiguous” 

trials. As such, in ambiguous trials, the tokens jumped alternatively to 

the correct and incorrect lateral circles until Jump-8, such that the 

number of tokens was equal in both lateral circles after each even jump 

(i.e., after 2, 4, 6 and 8 jumps) and a difference of one token was 

present after each odd jump (i.e., after 1,3,5 and 7 jumps). Second, in 

20% of trials, the pi(t) was above 0.7 after Jump-3 and above 0.8 after 

Jump-5, that is, the initial jumps consistently favored the correct choice 

in these “obvious” trials. In the remaining 20% of trials, the pi(t) was 

below 0.4 after Jump-3, that is, the initial jumps favored the incorrect 

choice and the following ones favored the correct choice in these 

“misleading” trials.   

 

(1) 



 

39 
 

Sensory evidence and SumLogLR 

As in previous studies (Cisek et al., 2009; Thura et al., 2014; 

Derosiere et al., 2022), we assumed that participants would estimate 

the level of evidence based on the number of tokens that have already 

jumped into the two side circles rather than by calculating the 

probability of success. This estimation can be computed as a first-

order approximation of the real probability function after each jump 

(see Eq. 1), called the sum of log-likelihood ratios (SumLogLR): 

 

In this equation, p(ej |C) is the likelihood of a token event ej (a token 

favoring either the chosen or the unchosen response) during trials in 

which the chosen response C is correct, and p(ej |U) is the likelihood 

of ej during trials in which the unchosen response U is correct. The 

SumLogLR is proportional to the difference between the number of 

tokens that favored each of the 2 possible choices (i.e., that moved 

toward each lateral circle) at any given time.  

Index finger movement and pacman animation 

As explained in more detail below in the “Experimental design” 

section, testing our predictions required us to characterize and/or to 

manipulate the movement features of index finger responses. To allow 

us to do so, we asked the subjects to provide their response, not with 

a single finger movement as we usually do, but with a tapping 

movement involving a repetition of 4 index finger flexions, with the left 

or right hand depending on their decision in the Tokens task. 

Moreover, this tapping movement was associated with a pacman 

animation. That is, as soon as the first tap was completed (i.e., flexion 

of at least 30 degrees, as indicated by the laser device), a pacman 

(2) 
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appeared together with 3 additional tokens in front of it, on a horizontal 

axis, as shown on Figure 1.C. Subjects knew that each further tap 

would allow the pacman to “eat” one of these supplementary tokens. 

The pacman was presented together with a ghost which will be 

described in the “Experimental Design” section, as its features 

depended on the experimental condition the subjects were in. Notably, 

the pacman animation often ended with a blank screen to cover the 

minimum 3000 ms period of the movement phase: as such, completing 

the tapping movement faster never allowed to shorten the trial 

duration, as in Carsten et al, 2023. Finally, note also that trials in which 

subjects did not provide a response before Jump-15 did not involve any 

pacman animation; in this case participants had instead to remain still 

in front of a blank screen for a period corresponding to the movement 

phase duration.  

Trial feedback and score calculation 

As a feedback at the end of the trial, the chosen circle turned 

either green or red, depending on whether the choice was correct or 

incorrect, respectively. The feedback also included a numerical score 

presented below the central circle, which depended on both the 

decision and movement requirements of the task. Subjects got +5 

points for a correct decision and another +5 points for a correct tapping 

movement (see below for specific movement requirements). Hence, 

fully successful trials were worth +10 points (i.e., +5+5), as illustrated 

on Figure 1.C. Then, any failure, whether at the level of the decision 

or the movement, was penalized by -2 points. Hence, a partially 

successful trial was worth +3 points (i.e., +5-2 or -2+5), while a fully 

failed trial led to -4 points (i.e., -2-2). Finally, in the absence of 

response before Jump-15 (i.e., a no-response trial), the displayed score 

corresponded to 0 point and came along with a ‘Time Out” message 

at the bottom of the screen. All trial scores were summed up and 
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displayed at the end of each block, providing a global feedback on the 

block to maintain motivation of participants. 

Experimental Design 

Participants performed two experiments as part of the current 

study. These experiments occurred on separate days (average 

interval of 9 ± 8 days) and in a counterbalanced order. In Experiment 

1, we designed the task such that, in separate blocks, subjects were 

either encouraged to make slow or fast decisions. The purpose here 

was to investigate how these contextual changes in decision speed 

would influence movement speed. Inversely, in Experiment 2, we 

aimed at testing the reverse relationship, thus how contextual changes 

to movement speed (slow or fast) influence decision speed. The 

specific features of these two experiments are described in the 

sections below. 

Experiment 1 

All subjects (n=56) took part in Experiment 1. This experiment 

required participants to perform the Tokens task in two different block 

types, where a small adjustment to one trial event (the final jumps 

phase) allowed us to promote either slow (accurate) or fast decisions 

(see Fig. 2.A). That is, in the “slow decision” blocks, tokens kept on 

jumping every 200 ms during the final jump phase, as in the decision 

phase, until the central circle was empty. In contrast, in the “fast 

decision” blocks, final tokens jumped much faster (i.e., every 50 ms), 

such that deciding faster allowed subjects to finish the trial earlier. 

Because blocks had a fixed duration of 265 sec, deciding earlier in fast 

decision blocks allowed subjects to perform more trials and thus to 

accumulate more points. This was not the case in the slow decision 

blocks, where it was a better strategy to decide later and reach a 

higher accuracy, given the fixed number of trials (26) that they would 
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be able to do over the same block duration (always about 265 sec). All 

of this was made explicit to the subjects to enhance the change in 

decision policy between the two block types. Finally, as mentioned 

above, the pacman animation during the movement phase also 

involved a ghost which, in this experiment, always chased the pacman 

at a fixed speed established during pilot tests. Subjects knew that they 

had to avoid the ghost and would get a negative feedback (-2 points, 

as explained in the feedback section above) if they tapped so slowly 

that they got caught, in which case the pacman turned into a skull. Yet 

this happened very rarely because the imposed speed was easy to 

attain, as it was just there to exhort subjects to do their tapping 

movement in a row, as opposed to encourage them to go as fast as 

possible. That is, subjects were able to escape the ghost on most 

trials, regardless of the block type (see Fig. S1 in supplementary 

materials). 
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Figure 2. Protocol of Experiment 1. A. Task. In this experiment, participants 

performed two block types that differed according to the speed at which the final 

tokens jumped in the lateral circles at the end of the trial (after the finger tapping 

movement). That is, fast final jumps (every 50 ms) led participants to prioritize decision 

speed (fast decision blocks) while slow jumps (every 200 ms) led subjects to rather 

prioritize decision accuracy (slow decision blocks). B. Manipulation check. 

Participants adjusted their decision policy depending on the type of block by making 

faster (shorter decision duration) and less accurate (lower %Correct) decisions in fast 

(blue bars) relative to slow (white bars) decision blocks. Error bars represent SE. ***p 

< 0.001. 
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Experiment 2 

All subjects also performed Experiment 2 but due to a lack of 

data after cleaning, 2 subjects had to be excluded from the analysis 

(n=54; 32 Women, 24.5 ± 3.3 years old). As shown on Figure 3.A, in 

this experiment again there were two different block types, which here 

differed according to the movement speed requirement. That is, 

subjects were explicitly asked to report their decision in the Tokens 

task with a tapping movement that was either fast, in the “fast 

movement” blocks, or slow, in the “slow movement” blocks. The exact 

speed that subjects had to adopt in both block types depended on their 

spontaneous speed. In the fast movement blocks, subjects had to tap 

at a speed that was twice the spontaneous speed (± 20%), while the 

speed in the slow movement blocks had to be equal to the 

spontaneous speed or to any value below it. The spontaneous tapping 

speed was calculated during a calibration phase at the beginning of 

the experiment, by asking subjects to perform a block of 15 trials of the 

Tokens task in a neutral condition, with no specific instruction 

regarding decision or movement speed. Once the average 

spontaneous speed was determined based on these trials, the 

participants were then specifically trained to perform fast tapping 

movements at the required speed (i.e., twice the spontaneous speed) 

during 4 blocks for each index finger. In these blocks, subjects 

repetitively tapped their index finger and each of these movements 

was followed by a feedback indicating if the tapping was “ok”, “too fast” 

(>20% above the targeted speed) or “too slow” (<20% below the 

targeted speed). A block ended as soon as subjects had completed 9 

tapping movements at the targeted speed. There was no training for 

the speed of slow movement blocks as this speed was the one 

obtained spontaneously. 
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Figure 3. Protocol of Experiment 2. A. Task. In this experiment, participants 

performed two block types that differed according to the speed at which they had to 

perform the finger tapping movement; that is, at twice the spontaneous speed (fast 

movement blocks: pacman chased by ghost) or at about the spontaneous speed (slow 

movement blocks; pacman preceded by ghost). Moreover, subjects were split into two 

experimental groups according to whether they performed the version of the task that 

led them to prioritize decision speed due to fast (every 50 ms) final jumps (fast 

decision group, upper panel), or to prioritize decision accuracy due to slow (every 200 

ms) final jumps (slow decision group, lower panel). B. Manipulation check. As 

required by the instruction in this Experiment, participants displayed shorter (faster) 

tapping movements in the fast (red bar) than slow (white bar) movement blocks, 

regardless of whether they belong to the fast or slow decision group. Error bars 

represent SE. ***p < 0.001. 
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As in Experiment 1, tapping movements in the Tokens task 

were performed in relation to a pacman (and ghost) animation, where 

each tap provided the opportunity to “eat” an additional token placed 

on a horizontal axis. Yet, here the animation served the further 

purpose to control for the movement speed instruction in each block 

type. First, to provide a guide to subjects, the ghost here was either 

moving behind the pacman, chasing it, in the fast movement blocks, 

while it was preceding the pacman, in the slow movement blocks (see 

Fig. 3.A). Given the continuous requirement to avoid a collision with 

the ghost, this feature reminded the subjects to tap rapidly (to escape 

the ghost) in the fast movement blocks and incited them to tap 

tranquilly (to avoid bumping into the ghost) in the slow movement 

blocks.  

Importantly, a specificity of Experiment 2 is that we separated 

subjects in two groups who performed the slow and fast movement 

blocks in slightly different contexts, due to a small difference in the 

Tokens task. That is, the final tokens either jumped every 50 ms or 

every 200 ms, allowing subjects to shorten the trial duration by 

deciding faster in the group performing the task in the former condition 

(fast decision group) but not in the group using the latter version (slow 

decision group). Here, the number of trials was always fixed such that 

shortening the trial duration never allowed to do more trials. Yet, by 

responding faster, subjects could save time and finish the experiment 

earlier. Even if these specificities remained implicit in this experiment, 

we expected that they would lead subjects to adjust their decision 

speed such that it would be generally faster in the fast decision group 

(n=27; 15 women, 25.1 ± 3.6 years old), and generally slower in the 

slow decision group (n=27; 17 women, 23.9 ± 2.9 years old). With 

these two groups, we aimed at testing the hypothesis that a default 

mode of coregulation can be observed when it naturally serves the 
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reward rate; but it would disappear in situations where it is detrimental 

to the reward rate. As such, we predicted that tapping faster in the fast 

movement blocks will translate into faster decisions, compared to the 

decisions in the slow movement blocks, but that this effect will only be 

observed in the group of subjects incited to make fast decisions but 

not in the slow decision group where subjects should better favor 

decision accuracy. Importantly, each subject completed the short 

version of the UPPS-P Impulsive Behavior (UPPS) scale (Eben, 

Billieux, & Verbruggen, 2020). We also evaluated their ability to follow 

movement instructions in order to make sure that the repartition of 

participants in the two groups was not creating a bias in our results. 

The analyses showed no significant difference between the two 

groups of participants, considering their UPPS scores (see Table S1 

in supplementary materials) or their movement performance (see Fig. 

S2 in supplementary materials). 

Time course of the experiments 

Experiments 1 and 2 had a largely similar time course. They 

both started with a familiarization phase during which subjects 

performed a neutral block of 10 trials to become acquainted with the 

basic features of the Tokens task. Subjects were then informed about 

the two types of blocks they would realize in the experiment. This led, 

after a phase of calibration (in Experiment 2 only to establish the fast 

tapping speed), to a training phase during which subjects practiced for 

4 blocks (2 blocks of each type), each involving 15 trials (or a few more 

in fast decision blocks of Experiment 1). The actual experiment then 

started and involved a total of 18 blocks (9 blocks of each type), each 

involving 26 trials (or a few more in fast decision blocks of Experiment 

1). Each block lasted on average 4,36 minutes and a break of 2 to 5 

minutes was provided between blocks.  
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Both experiments then ended with blocks consisting of a choice 

reaction time (CRT) version of the Tokens task. The task in these 

blocks (always 40 trials) was the same as in the main experiment: 

subjects had to respond with a left or right index finger tapping 

movement according to token jumps but here the 15 tokens jumped all 

at once in the left or right circle. Experiment 1 entailed 1 CRT block 

with no restriction on movement speed (i.e., “free” movements), 

whereas Experiment 2 entailed 1 CRT block for each tapping speed 

(slow or fast) condition, considering that tapping speed may impact 

reaction time (RT).  

Computational approach 

In our work we simulated the decision data by using an 

implementation of the urgency gating model (UGM; Cisek et al., 2009; 

Thura et al., 2014), in which evidence is multiplied by a linearly 

increasing urgency, as follows:  

     

where 𝑥𝑖(𝑡) represents the activity of motor neurons at time t in trial i, 

obtained by multiplying the momentary evidence 𝐸𝑖(𝑡)  by an urgency 

signal. g and b are the slope and the y-intercept of the urgency signal, 

and [ ]+ denotes half-wave rectification (which set all negative values 

to zero). To estimate the level of evidence accumulation, we used the 

computation of the SumLogLR (see above, equation 2) that we low-

pass filtered for dealing with intra-trial stimulus noise when calculating 

evidence such as the evidence accumulation. The accumulation of 

evidence can thus be expressed as follows:  

 

(3) 

(4) 
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The Term 𝑁(𝑡) represents Gaussian noise with a mean of zero and a 

SD of 0.7 and, we used a linear differential equation with a time 

constant 𝜏 = 200 ms as low-pass filter (Cisek et al., 2009). 

The model has three parameters: g, b and T. To fit the data, we 

performed an exhaustive parameter grid search, with g ranging from 1 

x 10-7 to 4, b from - 1 to 3 and T from 1 to 3. This was performed 

separately for each subject and each block condition, and the quality 

of fit was assessed by using the mean square-error between data 

distributions of the model and the real data distributions for all decision 

times in the interval between 600 and 3000 ms. Importantly, the 

threshold was not fixed between participants (i.e., ranged from 1 to 3) 

but was fixed across block conditions (i.e., for fast and slow conditions 

of the same experiment) to be able to compare the urgency 

parameters between them. After determining the best fitting 

parameters for each dataset, we generated a subsequent grid search 

from the average of the gain and slope of all subjects to determine the 

best pairs of parameters for a given threshold. This procedure was 

repeated up to 100 times to ensure parameter optimality convergence, 

we computed the mean shape (linear function based on g and b 

parameters) of the resulting urgency functions. 

3.3. Data analyses 

Behavioral data were collected by means of custom Matlab 

scripts (MathWorks, Natick, Massachusetts, USA). Statistical analyses 

were performed using JASP (Wagenmakers et al., 2018b) for 

repeated-measures analyses of variance (ANOVARM), t-tests and 

Spearman’s correlations, and using the package gamlj in jamovi 

(ŞAHİN & AYBEK, 2020) for linear mixed models. 
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Data processing and definition of endpoint measures 

In general, trials with poor performance in the decision phase 

and/or in the movement phase of the Tokens task were excluded in 

both experiments. This concerned trials with no response before 

Jump-15 or with an anticipated response (before Jump-3). This also 

involved removing trials where the pacman was caught by the ghost 

and, for Experiment 2, also trials in which the participants did not move 

at the required speed. Finally, the laser sometimes failed to report the 

index finger movements and these trials were removed too. As a 

result, overall, 24% of trials were removed for the analyses (17% for 

Experiments 1 and 31% for Experiment 2). The same procedure was 

followed to clean the data in the CRT task, which led to an overall 

removal of 11% of trials (1% and 20% for Experiments 1 and 2, 

respectively). 

The endpoint measures were the same for Experiment 1 and 2. 

To characterize the speed at which subjects made their choice, we 

considered the time they took to decide. This decision duration was 

computed as the average RT in the Tokens task (computed separately 

for fast and slow blocks with all trial types pooled together) minus the 

average RT in the corresponding CRT block (Ferrucci et al., 2021). It 

should be noted that the majority of studies have used the RT in simple 

reaction time (SRT) tasks to compute the decision duration (Carsten 

et al., 2023; Derosiere et al., 2022; Thura, 2020), but as we were using 

different constraints on movement speed, we chose the CRT in order 

to obtain a measure of the time required to prepare each type of 

movement (i.e., for free, fast and slow movements). Indeed, there is 

some evidence that even if subjects prepare their movement in 

advance in both the SRT and the CRT tasks, their level of preparation 

is lower in the CRT than in the SRT (Quoilin et al., 2019). Then, 
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decision accuracy was calculated as the percentage of trials in which 

subjects choose the correct lateral circle, referred to as %Correct. 

Thanks to the UGM, we also obtained the intercept and the slope of 

an urgency signal for each participant and each type of block, as an 

additional primary endpoint measure. These two parameters then 

enabled us to estimate the evolution of the urgency level over time. To 

characterize the speed at which subjects moved, we considered the 

time it took for participants to perform the index flexion movements. 

Hence, movement duration corresponds to the mean duration of a 

single tap averaged over the four flexions participants performed in 

each trial of the task.  

Statistical analyses 

Experiment 1 

Effect of decision-related instructions on decision endpoint measures 

In order to check whether subjects followed instructions and 

changed their decision policy between fast and slow decision blocks, 

we first ran paired t-tests on decision duration and decision accuracy. 

We then considered the urgency signal estimated for each type of 

block, running a mixed model with BlockType (fast decision, slow 

decision) as a factor, Time (elapsed during the decision phase) as a 

covariate and subject number as a cluster variable (Urgency ~ 

BlockType * Time + (BlockType * Time|Subject)). Since we 

hypothesized a relationship between urgency and decision duration 

that would hold true across subjects, the covariable was not scaled.  
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Effect of decision-related instructions on movement endpoint 

measures 

To investigate the context and time-sensitive effect of decision 

duration, we ran general mixed models on movement duration with 

BlockType (fast decison, slow decision) as a factor, decision duration 

as a covariate and subject number as a cluster variable (Movement 

duration ~ BlockType * Decision duration + (BlockType * Decision 

duration|Subject)). Our hypothesis was that movement and decision 

duration correlate within- but not necessarily between-subjects. Hence 

to get rid of individual average differences in decision duration, we 

used Z-scores clusterwise to scale the covariable (i.e., decision 

duration). Post-hoc comparisons were conducted using t-tests with 

Bonferroni correction for multiple comparisons. Monotonic 

relationships between block-related changes in movement and block-

related changes in urgency/decision were tested using Spearman’s 

rank correlations.  

Experiment 2 

Effect of movement-related instructions on movement endpoint 

measures 

In order to check whether subjects followed instructions in both 

groups and changed their movement speed between fast and slow 

movement blocks, we performed a two-way ANOVARM on movement 

duration with BlockType (fast movement, slow movement) as within-

subject factor and Group (fast decision group, slow decision group) as 

between-subject factor. 
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Effect of movement-related instructions on decision endpoint 

measures 

The analyses for Experiment 2 were similar to those for 

Experiment 1, except that here, we looked at the reverse relationship 

by running a general mixed model on decision duration with BlockType 

(fast movement, slow movement) and Group (fast decision, slow 

decision) as factors, movement duration as covariable and subject 

number as a cluster variable (Decision duration ~ Group * BlockType 

* Movement duration + (Group * BlockType * Movement 

duration|Subject)). 

Exploratory investigation of pupil dilation 

In Experiment 1, we recorded pupil diameter from 19 of the 62 

participants during task performance. However, one participant did not 

finish the experiment, so pupil data were analyzed on 18 participants 

(11 Women, 24.5 ± 3.7 years old). This allowed us to investigate the 

involvement of the arousal system (proxied by pupil size) in generating 

the urgency signal (McGinley et al., 2015; Wagenmakers et al., 2018). 

To this end, the pupil diameter was acquired with an EyeLink 1000+ 

eye tracker video-based system (SR Research), recording 

monocularly pupil size (in arbitrary units) and eye movements with a 

sampling frequency of 1000 Hz. Before analyzing the data, pupil traces 

were preprocessed to remove eye-blinks, which were identified by the 

blink detection algorithm implemented in Matlab 

(https://github.com/alexandre-zenon/pupil/), and replaced by linear 

interpolations. Furthermore, traces were first filtered by a high-pass 

filter of 0.01 Hz, then downsampled to 10 Hz to facilitate the analysis. 

In order to characterize block-related changes in pupil size during the 

decision phase, we extracted the peak of pupil dilation following the 

first flexion initiation in each trial (see Fig. S3 in supplementary 

https://github.com/alexandre-zenon/pupil/blob/f9cd7d2ab41cd43c72b7e00abe000f
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materials). We then analyzed these Peak pupil data by means of a 

mixed model with BlockType (fast decision, slow decision) as a factor, 

decision duration as covariable and subject number as a cluster 

variable (Peak pupil ~ BlockType * Decision duration + (BlockType * 

Decision duration|Subject)). Similarly to the urgency signal analysis, 

we did not scale the covariable. This analysis allowed us to investigate 

whether Peak pupil size would evolve as a function of decision 

duration, as shown for urgency, both in the fast and slow decision 

blocks. Then, in an additional analysis aimed at further characterizing 

the evolution of Peak pupil size over time elapsed during deliberation, 

we obtained for each subject the mean Peak pupil dilation in 8 bins of 

decision duration (from short to long) and fitted these pupil data with a 

linear regression to obtain an intercept and a slope. These pupil 

parameters (intercept and slope) were put in relation to those 

extracted from the urgency signal (intercept and slope) with 

Spearman’s rank correlations.  

3.4. Results 

Experiment 1 

Subjects adjusted their decision duration according to the block 

instruction 

In this experiment, we had participants perform the Tokens task 

in fast and slow decision blocks, which required them to favor either 

decision speed or accuracy, respectively. Consistently, participants 

took less time to decide in the fast (1647 ± 276 ms) than in the slow 

decision blocks (2220 ± 111 ms; t1,55 = - 15.236, p < 0.001, Cohen’s d 

= - 2.036, see Fig. 2.B). This shortening in decision duration influenced 

choice accuracy: participants were less accurate when deciding in the 

fast decision blocks (84 ± 5 % of correct choices) than in the slow 
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decision ones (94 ± 2 %; t1,55= - 14.175, p < 0.001, Cohen’s d = - 

1.894). These findings indicate that participants followed the 

instructions by adopting a strategy favoring speed in the fast decision 

blocks and accuracy in the slow decision blocks.  

Block-related changes in decision duration were reflected in the 

level of urgency (Thura et al., 2014; Derosiere et al., 2022). Indeed, 

the mixed model analysis on the urgency signal revealed a main effect 

of the factor BlockType (see Fig. 4.A, F1,55 = 101, p < 0.001): as 

expected, the level of urgency was on average higher in the fast (0.327 

± 0.166 a.u.) than in the slow decision blocks (0.059 ± 0.107 a.u.). 

Importantly, this effect was also true when considering the decision 

period in separate temporal bins (see Table S2 in supplementary 

materials): the urgency level was higher in the fast than in the slow 

decision blocks, regardless of the bin considered, up to the last 

temporal one (all t1,55 > 3.760, all p < 0.001, all Cohen’s d > 0.500). 

Moreover, the mixed model analysis revealed a significant effect of the 

factor Time (F1,55 = 112, p < 0.001), indicating that urgency increased 

as the time elapsed during deliberation in both fast and slow decision 

blocks, as also previously shown (Cisek et al., 2009; Thura et al., 2014; 

Derosiere et al., 2022; Murphy et al., 2016; Steinemann et al., 2018). 

Finally, we observed a significant BlockType x Time interaction (F1,951 

= 475, p < 0.001), suggesting that the time course of urgency differed 

between the two block types. To further address this point, we 

considered the intercept and the slope of the urgency signal 

(estimated with the urgency gating model) in both block types. 

Interestingly, paired-t-tests revealed a significantly higher intercept in 

fast decision blocks (0.195 ± 0.140 a.u.) compared to the slow decision 

ones (- 0.200 ± 0.251 a.u.; t1,55 = 11.097, p < 0.001, Cohen’s d = 

1.483), indicating a greater urgency at decision onset in the former 

blocks. However, the urgency exhibited a slower increase in the fast 
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than in the slow decision blocks. That is, although the slope was 

significantly positive in both block types (both t1,55 > 5.000, both p < 

0.001, both Cohen’s d > 0.700), it was nevertheless smaller in the fast 

(0.097 ± 0.125 a.u.) than in the slow decision blocks (0.192 ± 0.119 

a.u.; t1,55 = - 5.241, p < 0.001, Cohen’s d = - 0.700). Hence, the urgency 

was generally higher when subjects were in a context promoting fast 

decisions, with a peak difference at decision onset; from there on 

urgency increased over time in both block types but did so slower in 

the fast decision blocks, thus reducing the gap with the slow decision 

blocks, although the difference remained significant until the end of the 

decision process. 

 

Figure 4. Results for Experiment 1. Results for Experiment 1. A. Urgency signal. 

The block-related changes in decision duration were reflected in the level of urgency 

(left panel), with a higher level of urgency in fast (blue bar) than slow decision blocks 

(white bar). Consistent with the literature, the evolution of the urgency signal over time 

(right panel) depended on the type of block: it was higher at decision phase onset 
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(greater intercept, top left inset) and increased more slowly (lower slope, top right 

inset) in fast compared to the slow decision blocks. B. Movement duration. Decisions 

were implemented by shorter (faster) movements in fast decision compared to slow 

decision blocks (left panel) even if such a coregulation was not beneficial to the reward 

rate. Notable, we also found that movement duration shortened with increasing 

decision duration, but this was only true in slow decision blocks (negative ratio, the 

inset) C. Correlations. The more participants responded with a high level of urgency 

in fast decision compared to slow decision blocks (higher Delta-Block urgency), the 

more their movements became shorter (faster) in the fast compared to the slow 

decision blocks (lower Delta-Block movement; left panel). Similarly, those participants 

with the largest reduction in decision duration (lower Delta-Block decision) were also 

those who shortened their movements the most in the fast compared to the slow 

decision blocks (lower Delta-Block movement; right panel). Error bars represent SE. # 

t-test against 0 p < 0.025. ***p < 0.001. 

Movement duration was influenced by increasing decision 

urgency  

In this first experiment, we assessed the coregulation 

hypothesis by investigating the impact of changes in decision urgency 

on movement duration. Based on this hypothesis and in line with prior 

work (Carsten et al., 2023; Thura et al., 2014; Thura, 2020), we 

expected that the higher urgency in the fast decision blocks would also 

hasten the motor response, resulting in shorter (faster) movements in 

fast decision blocks. Consistently, the mixed model analysis on 

movement duration revealed a main effect of the factor BlockType 

(F1,55.1 = 24.46, p < 0.001), with shorter values in fast (46 ± 12 ms) than 

in slow decision blocks (51 ± 18 ms, see Fig. 4.B). Moreover, the 

analysis revealed a significant BlockType x decision duration 

interaction (F1,47.2 = 11.14, p = 0.002). In order to consider further this 

interaction, we grouped the movement duration data in 8 bins of 

decision duration (see Fig. 4.B). Then, we calculated a delta between 

the mean movement duration of the first and the last bins (Delta-Bin) in 

order to express the change in movement duration across decision 

duration bins (Delta-Bin movement). The same delta was calculated on 
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decision duration (Delta-Bin decision) to finally compute a ratio 

representing how much movement duration varied as a function of 

changes in decision duration (i.e., Delta-Bin movement /Delta-Bin 

decision). A negative ratio would indicate a shortening of movement 

duration with increasing decision duration while a positive ratio would 

reflect the opposite relationship, that is, a lengthening of movement 

duration with decision duration. Interestingly, the ratio was negative in 

the slow decision blocks (- 2.11 ± 5.14; t1,55 = - 3.076, p < 0.025 with 

Bonferroni correction, Cohen’s d = - 0.411 when compared to 0 using 

Student’s t-tests) but it was null in the fast decision blocks (0.438 ± 

2.779; t1,55 = 1.180, p = 0.243, Cohen’s d = 0.158). Consistently, the 

ratio was found significantly lower in the slow than in the fast decision 

blocks (paired t1,55 = 3.159, p < 0.01, Cohen’s d = 0.422). Hence, 

altogether the analyses indicate globally shorter movement durations 

in the fast (higher urgency) than in the slow decision blocks but with 

an acceleration of movement execution over deliberation time 

occurring in the latter but not in the former decision blocks.  

We then continued to investigate the relationship between decision 

urgency/duration and movement duration by means of correlations. To 

do so, we computed deltas of movement duration between the fast 

and slow decision blocks (Delta-Block) and considered the degree to 

which changes in movement duration between the two block types 

(Delta-Block movement) were related to the instructed changes in 

decision speed. To characterize the latter, we computed both the delta 

of urgency (Delta-Block urgency) and the delta of decision duration 

(Delta-Block decision), as depicted on the left and right sides of Figure 

4.C., respectively. Interestingly, Delta-Block movement correlated 

negatively with Delta-Block urgency (Rho = - 0.343, p = 0.01, 95%-

confidence intervals [CI] = [-0.553, - 0.079]), indicating that the more 

urgency got high in fast compared to slow decision blocks (higher 
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Delta-Block urgency values), the more movements became short (fast) 

in this type of block (lower Delta-Block movement values). Considering 

Delta-Block decision instead of Delta-Block urgency led to the same result, 

which here was manifest as a positive correlation (Rho = 0.364, p = 

0.006, CI = [0.114, 0.577]): the more subjects shortened their decision 

duration in fast compared to slow decision blocks (lower Delta-Block 

decision values), the more the movements became shorter (lower 

Delta-Block movement values). Altogether, these findings are consistent 

with a coregulation of decision and movement speed (Carsten et al., 

2023; Spieser et al., 2017; Thura, 2020).  

Experiment 2 

Subjects adjusted their movement duration according to the 

block instruction 

In this experiment, we had participants perform the Tokens task 

in fast and slow movement blocks, which required them to report their 

decision with either fast or slow index finger flexions. Consistent with 

these instructions and as shown on Figure 3.B, the ANOVARM revealed 

that movements were on average of shorter duration in the fast (37 ± 

11 ms) than in the slow movement blocks (59 ± 24 ms; F1,53 = 106.879, 

p < 0.001, partial eta-squared (ɳP
2) = 0.673). Moreover, participants in 

this experiment were split in two groups where they were implicitly 

encouraged to either favor decision speed (fast decision group) or 

decision accuracy (slow decision group). Participants in both groups 

displayed equivalent movement durations according to the specific 

instructions of the two block types, as indicated by the absence of 

factor Group or BlockType X Group interaction on movement duration 

(all F1,53 = [0.111, 1.257], p = [0.267, 0.740], ɳP
2 = [0.002, 0.024]).   
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Decision duration was influenced by movement duration 

In this experiment, we assessed the coregulation hypothesis by 

investigating the impact of block-related changes in movement 

duration on decision urgency. Based on this hypothesis and in line with 

prior work (Carsten et al., 2023; Kita, et al.,2023.), we expected that 

the requirement to move fast would naturally increase the urgency, 

resulting in shorter (faster) decisions in fast than slow movement 

blocks. Yet, as explained in the introduction, we expected that this 

should only occur if such a coregulation is not detrimental to the reward 

rate. In other words, we predicted that moving faster in the fast 

movement blocks would only translate into faster decisions (higher 

urgency) in the group favoring decision speed anyway (fast decision 

group) but not in the group prioritizing decision accuracy (slow 

decision group).  

Unsurprisingly, the mixed model analysis revealed a significant 

effect of the factor Group on decision duration (F1,55.9 = 6.32, p = 

0.015). As such, decision durations were shorter in the fast decision 

group (1997 ± 175 ms) than in the slow decision group (2104 ± 158 

ms), as implicitly promoted in this experiment. Furthermore, we found 

a significant Group x BlockType interaction on decision duration 

(F1,143.3 = 6.82, p = 0.010; see Fig. 5.A). As such, changes in 

movement duration from the slow to the fast movement blocks elicited 

distinct effects on decision duration depending on the group. That is, 

post-hoc analyses revealed that participants in the fast decision group 

made shorter decisions in fast (1990 ± 183 ms) than slow movement 

blocks (2004 ± 170 ms; t161.1 = 2.957, p < 0.025 with Bonferroni 

correction). Such an effect was not found in the slow decision group, 

where decision durations were not significantly different between the 

fast (2112 ± 164 ms) and slow movement blocks (2096 ± 154 ms; t126.4 
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= - 0.667, p = 1.000). Hence, faster movements led participants to 

decide faster when such a coregulation was consistent with their task 

goal, in the fast decision group, but not when it would have been 

detrimental, in the slow decision group.  

The mixed model analysis also revealed a main effect of the 

factor movement duration on decision duration (F1,16459.4 = 8.21, p = 

0.004, see right panel of Fig. 5A). Similar to the analysis run in 

Experiment 1, we grouped decision duration in bins of movement 

duration (here we used 4 bins) in order to calculate a delta between 

the first and the last bins on decision (Delta-Bin decision) and 

movement durations (Delta-Bin movement). These deltas were then 

used to compute a ratio expressing changes in decision duration as a 

function of changes in movement duration (Delta-Bin decision/Delta-Bin 

movement). A Student’s t-test against 0 showed that the ratio was 

significantly negative (t1,53 = - 3.152, p < 0.01, Cohen’s d = - 0.429) 

indicating that long movement durations were associated with short 

decision durations. However, this effect interacted with the factor 

Group (Movement duration x Group F1,16459.4 = 5.00, p < 0.05). More 

precisely, following Student’s t-tests against 0, the ratio was 

significantly negative in the fast decision group (– 4.606 ± 5.824; t1,26 

= -4.109, p < 0.001, Cohen’s d = - 0.791) but not in the slow decision 

group (– 0.177 ± 4.392; t1,26 = - 0.210, p = 0.835, Cohen’s d = - 0.040). 

This suggests that only in the fast decision group did movement 

duration vary as a function of deliberation time, as observed in 

Experiment 1. All other effects of the mixed model were nonsignificant 

(p = [0.092 0.509]). 
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Figure 5. Results for Experiment 2. A. Decision duration. As expected, 

participants in the fast decision group made faster decisions than those in the slow 

decision group (left panel). Moreover, as also shown on the left panel, only in the fast 

decision group were decision durations affected by the movement block type, with 

shorter (faster) decisions accompanying faster movements (red bar). On the right 

panel you can also see that long movement durations were associated with short 

decision durations only in fast decision group (see insets displaying specifically the 

ratio in the fast and slow decision groups). B. Urgency signal. The overall urgency 

level did not differ significantly between the two groups and the two types of block (left 

panel). However, as shown on the right panel, its evolution over time differed between 

the two groups of subjects. More precisely, the movement block type affected the 

intercept and the slope of the urgency signal in the fast decision group with only a 

marginal effect on the slope in the slow decision group. Indeed, the urgency signal 

was higher at the decision phase onset (greater intercept, top left inset) and increased 
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more slowly (lower slope, top right inset) in fast (red bar) block relative to slow (black 

bar) movement blocks in the former group only.  Error bars represent SE. # t-test 

against 0 p < 0.05, *p < 0.05, ***p < 0.001. 

 

We then assessed the impact of varying the movement speed 

in the two different block types on decision urgency itself (see Fig. 5.B). 

The mixed model analysis revealed a main effect of the factor Time on 

the urgency signal, consistent with an increasing urgency over time 

(F1,47.9 = 197.94, p < 0.001). Moreover, we found that this main effect 

interacted with the factor BlockType, indicating that the urgency signal 

generally increased faster in slow relative to fast movement blocks 

(BlockType x Time interaction; F1,916 = 266.65, p < 0.001). Most 

interestingly, this interaction depended on the Group (Group x 

BlockType x Time interaction; F1,916 = 32.30, p < 0.001). To better 

understand this triple interaction, we ran further analyses on the 

intercept and the slope of the urgency signal (as in Experiment 1). 

More precisely, paired t-tests revealed a higher urgency intercept in 

fast (0.013 ± 0.186 a.u.) than slow movement blocks (- 0.053 ± 0.215 

a.u.; t1,26 = 2.854, p < 0.01, Cohen’s d = 0.549) for the fast decision 

group, whereas the urgency intercept was around 0.093 ± 0.163 a.u. 

in both block types for the slow decision group (t1,26 = 0.915, p = 0.369, 

Cohen’s d = 0.176). Hence, urgency was greater at the decision onset 

in the fast than in the slow movement blocks only for the fast decision 

group. Yet, it seems that urgency then increased more slowly in fast 

movement blocks, especially in the fast decision group. Indeed, for this 

group, the urgency slope was lower in fast (0.110 ± 0.079; t1,26 = - 

3.645) than slow movement blocks (0.147 ± 0.103 a.u.; t1,26 = - 3.645, 

p = 0.001, Cohen’s d = - 0.701). There was also a trend for urgency 

slope to differ between fast (0.160 ± 0.061 a.u.) and slow movement 

blocks (0.178 ± 0.078 a.u.) in the slow decision group, but this 
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difference was smaller and marginal (t1,26 = - 1.83, p = 0.079, Cohen’s 

d = - 0.351).  In other words, the urgency signal was higher at the 

decision phase onset (greater intercept) and increased slower (lower 

slope) in fast relative to slow movement blocks in the group pushed to 

decide quickly while it remained mostly unchanged between the two 

block types in the group pushed to decide slowly. All other effects of 

the mixed model were nonsignificant (p = [0.154 0.558]). These results 

suggest that the instruction to boost movement speed in the fast 

movement blocks induced a parallel increase of urgency when this 

was consistent with the task goals, in the fast decision group. By 

contrast, boosting movement speed did not have such an effect in the 

slow decision group, when it would have been detrimental. In this case, 

the subjects decided at a similar speed during both slow and fast 

movement blocks. 

We then continued to investigate the relationship between 

movement duration and decision urgency/duration by means of 

correlations. To do so, we computed, as in the Experiment 1, the deltas 

between the fast and slow movement blocks (Delta-Block) and looked at 

how Delta-Block urgency and Delta-Block decision correlated with Delta-

Block movement in both decision groups, as depicted on Figure 6. 

Interestingly, their relationship differed from the Experiment 1. In the 

fast decision group, there was no relationship with Delta-Block 

movement whether we considered the Delta-Block urgency (Rho = 

0.217, p = 0.276, CI = [- 0.191, 0.538]) or the Delta-Block decision (Rho 

= - 0.105, p = 0.601, CI = [- 0.451, 0.318]). In the slow decision group, 

we also found no significant correlation between Delta-Block urgency 

and Delta-Block movement (Rho = 0.176, p = 0.377, CI = [- 0.213, 

0.539]). Surprisingly, we found in this group a relationship between 

changes in movement duration and decision duration, but here Delta-

Block decision correlated negatively with Delta-Block movement (Rho = -
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0.510, p = 0.007, CI = [- 0.779, - 0.141]), suggesting that participants 

with shorter movements in fast relative to slow movement blocks 

(lower Delta-Block movement values) were those who waited the longest 

to make their decisions (higher Delta-Block decision values).  

 

Figure 6. Correlations for Experiment 2. For the fast decision group (upper panel), 

we did not find any relationship between block-related changes in movement duration 

(Delta-Block movement) and block-related changes in decision features, whether we 

considered changes in urgency level (Delta-Block urgency, left) or changes in decision 

duration (Delta-Block decision, right). For the slow decision group (lower panel), Delta-

Block movement did not correlate with Delta-Block urgency (left) but correlated negatively 

with Delta-Block decision (right).  
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Note that a significant number of trials were excluded from the 

analysis because subjects encountered challenges in executing 

movements at the targeted speed (see related section in Methods for 

more details). To ensure that this trial exclusion did not mask any 

potential relationship between decision making and movement 

execution, we conducted further analyses involving all trials even 

those in which subjects failed to move as required. This did not change 

our results, as reported in the supplementary materials (see Fig. S4 in 

supplementary materials).  

In summary, our data in Experiment 2 also indicate a natural 

coregulation between decision and movement speed when 

considering the fast decision group in Experiment 2. In contrast, 

movement speed instructions in the slow decision group did not seem 

to have any impact on decision speed or on urgency. If anything, the 

correlations revealed a negative relationship between block-related 

changes in movement and decision speed in that group favoring 

accuracy in Experiment 2.  

Analyses of pupil dilation 

Pupil dilation increased with both urgency and accuracy 

requirements 

Previous studies have shown that increases in urgency induce 

pupillary dilation (Gross & Dobbins, 2021; Murphy et al., 2016; Reppert 

et al., 2023; Steinemann et al., 2018). However, the link between pupil 

dilation and decision urgency is still much debated in the literature. 

That is, while some have suggested that pupil dilation reflects the 

involvement of the arousal system in generating the urgency signal 

(Murphy et al., 2016), others have proposed that the urgency-related 

pupillary dilation rather results from an increased recruitment of the 

arousal system to ensure decision accuracy under time pressure 
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(Steinemann et al., 2018). In order to directly address this question in 

the current study, we analyzed pupil dilation as a function of decision 

duration, in 18 of the subjects who took part in Experiment 1.  

The mixed model on Peak pupil dilation did not reveal any 

significant effect of the factor BlockType (F1,8257 = 0.616, p = 0.433; 

111 ± 57 a.u. for fast decision blocks and 163 ± 74 a.u. for slow 

decision blocks; see Fig. 7). However, the analysis revealed a main 

effect of the factor decision duration (F1,8265 = 30.173, p < 0.001), 

indicating that pupil dilation increased with decision duration in both 

types of blocks. Interestingly, this effect interacted with the factor 

BlockType (BlockType x decision duration interaction; F1,8265 = 30.173, 

p < 0.001). In order to understand this interaction, we estimated the 

intercept and slope of the pupil function in each block type by means 

of linear regressions (see related section in Methods for more details) 

and compared them across block types. The intercept, which thus 

reflects pupil size at the onset of the decision phase did not differ 

between block types (t1,17 = 1.049, p = 0.309, Cohen’s d = 0.247; 85 ± 

71 a.u. and 50 ± 152 a.u. in fast and slow decision blocks). However, 

the slope (reflecting the speed at which the pupil expanded over 

decision duration) was steeper in slow (50 ± 152 a.u.) relative to fast 

decision blocks (5 ± 71; t1,17 = - 2.107, p = 0.05, Cohen’s d = - 0.497). 

This result was supported by multiple paired t-tests (Bonferroni 

corrected) looking at the difference in Peak pupil dilation between fast 

and slow decision blocks in the 8 bins of decision duration. As such, 

this additional analysis showed that, in early bins, pupil dilation did not 

differ significantly between block types but that it became 

progressively larger in slow than fast decision blocks in the last bins of 

decision duration (see Table S3 in supplementary materials).  
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Figure 7. Peak pupil data as a function of decision duration in Experiment 1 

(n=18). Peak pupil dilation was comparable in fast (blue bar) and slow (white bar) 

decision blocks (left panel). Consistent with the literature, Peak pupil dilation 

increased with decision duration in both types of blocks (right panel). However, while 

the pupil dilation seemed similar between the two types of block at the beginning of 

the decision phase (similar pupil intercepts, top left inset), its dilation tended to 

increase faster in slow decision blocks relative to fast decision ones (higher pupil 

slope, top right inset), leading to a progressively more dilated pupil in the former. Error 

bars represent SE. *p < 0.05. 

To further investigate the link between pupil dilation and 

urgency, we put into relation the block-related changes in parameters 

of both functions. In other words, we looked at how block-related 

changes in pupil intercept (slope) were linked to block-related changes 

in urgency intercept (slope). These changes were quantified by 

obtaining delta values between fast and slow decision blocks (Delta-

Block) for the intercept and slope of both the pupil (Delta-Block pupil 

intercept and Delta-Block pupil slope) and urgency (Delta-Block urgency 

intercept and Delta-Block urgency slope) functions in all subjects, with 

thus positive deltas indicating greater values in fast than slow decision 

blocks. Interestingly, a Spearman correlation on Delta-Block intercept 
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values revealed a tendency toward a positive correlation (Figure 8; 

Rho = 0.459, p = 0.057, CI = [0.012, 0.779]), suggesting that 

participants who showed a greater urgency increase at the onset of 

decisions in fast than slow decision blocks were also those displaying 

the larger increase in pupil dilation. Moreover, a positive correlation 

was found when considering the Delta-Block slope values (Rho = 0.478, 

p = 0.047, CI = [- 0.022, 0.803]), indicating that participants whose 

urgency signal increased more over time in fast relative to slow 

decision blocks also showed a larger increase in pupil dilation over 

time. 

 

Figure 8. Correlations for Peak pupil data in Experiment 1 (n=18). Block-related 

changes in the intercept and slope of the Peak Pupil function (Delta-Block pupil intercept 

and slope) were related to block-related changes in the same parameters of the 

urgency function (Delta-Block urgency intercept and slope). That is, the participants 

showing a greater increase in pupil intercept (slope) in fast compared to slow decision 

blocks were also those showing a greater increase in urgency intercept (slope).  

 

Altogether, the effects described above are consistent with a 

tight relationship between urgency and pupil dilation. Indeed, both 

urgency and pupil dilation clearly increased with decision duration, and 

more so in slow decision blocks. Moreover, block-related increases in 
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urgency intercept and slopes were associated with parallel 

enlargements in pupil size (though marginal for the intercept). 

However, we also found that, pupil size tended to be smaller in fast 

than in slow decision blocks (and significantly so in later bins), contrary 

to urgency which showed the reverse effect. Such an effect on the 

Peak pupil data was not related to differences in baseline (tonic) levels 

of pupil dilation as these values were equivalent in both block types 

(see Fig. S5 in supplementary materials). Nor was this effect due to 

the fact that decision durations differed across block types within the 

same bins (see Fig. 7). Indeed, when considering only a set of 

equivalent ambiguous trials with long decision durations (i.e., 

decisions falling between Jump-9 and Jump-10) and a constant level of 

evidence (i.e., with a success of probability at decision time equal to 

0.8125 in all trials), we found that pupil dilation remained greater in 

slow decision blocks, although the difference with fast decision blocks 

was marginal (137 ± 70 a.u. and 105 ± 54 a.u., respectively; t1,15 = 

1.97, p = 0.067, Cohen’s d = 0.493; 2 subjects had to be excluded from 

this analysis, because of a lack of data).  

We then considered the possibility that the larger pupil size 

observed in slow decision blocks was due to a special focus on 

accuracy in this condition. As such, subjects had a fixed number of 

trials here (contrary to fast decision blocks) and they then plausibly 

recruited all available resource’s to be as accurate as possible, 

including increased arousal. To test this hypothesis, we considered 

again the subgroup of ambiguous trials described above for which we 

computed a block-related delta (fast-slow) for the accuracy and pupil 

data. Interestingly, in those particular trials, the Delta-Block pupil size 

was positively correlated with the Delta-Block accuracy (Rho = 0.758, p 

< 0.001, CI = [0.501, 0.873]). In other words, the more the pupil was 

dilated in the slow decision blocks compared to the fast decision blocks 
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(i.e., the more the Delta-Block pupil was negative), the more subjects 

exhibited better accuracy in the slow than in the fast blocks (i.e., the 

more the Delta-Block accuracy was negative). In conclusion, variations 

in pupil-related arousal in the current study seemed to be driven by 

two overlapping factors: the level of urgency, as expected, and the 

strategic allocation of resources to promote accuracy.  

 

Figure 9.  Peak pupil data in ambiguous trials of Experiment 1 (n=16). Peak pupil 

dilation tended to be larger in slow decision blocks (white bar) than in fast decision 

blocks (blue bar). Given that deltas were computed by measuring the difference in 

Peak pupil dilation between fast and slow conditions, the more the subjects showed 

a greater Peak pupil in slow decision blocks, the more they displayed a negative delta. 

Interestingly, we found that the greater this pupil enlargement in slow compared to 

fast decision blocks (i.e., greater negative Delta-Block pupil), the greater the gain in 

accuracy in slow compared to fast decision blocks (i.e., greater negative Delta-Block 

accuracy). 

 

 

 



 

72 
 

3.5. Discussion 

The aim of our study was to provide a principled explanation to 

the relation between decision and movement speed. Consistent with 

this, our data supports the hypothesis that coregulation operates as a 

default mode. However, our findings also show that this form of control 

can fade or even be replaced by a tradeoff relationship, depending on 

the task goals. Based on these behavioral observations, we propose 

that several processes come into play to shape the speed of our 

decisions and movements either selectively or jointly, the latter mode 

being best observed when a default coregulation of decision and 

movement allows to maximize the reward rate, or at least, when it is 

not detrimental to it.  

The relationship between decision and movement speed adapts 

to context-dependent task goals 

 Context-dependent changes in decision speed, as elicited in 

Experiment 1, led to clear changes in movement speed that are 

consistent with a coregulation of both levels of control. Indeed, 

subjects made faster movements in fast decision blocks than in slow 

decision blocks, and these changes in movement speed were 

correlated with the strength of changes in decision speed: the more 

subjects adjusted their decision speed according to the instruction, the 

more they showed a parallel change in movement speed. Note that, 

similar to Carsten et al (2023), changes in movement speed 

accompanied block-related variations in decision speed despite its 

absence of impact on the reward rate, substantiating the view that 

such coregulation type of control occurs naturally.  

Context-dependent changes in movement speed, as required 

in Experiment 2, also affected decision speed. Yet, the direction of the 
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effect differed according to the group that was considered. That is, the 

group whose reward rate was maximized by a strategy favoring 

decision speed (i.e., the fast decision group) showed faster decisions 

in fast movement compared to slow movement blocks. Even if this 

coregulation effect was not as strong as in Experiment 1, it was still 

significant, pointing to a similar form of coregulation. In contrast, the 

group whose reward rate was maximized by a strategy favoring 

decision accuracy (i.e., the slow decision group) did not show such a 

covariation of decision speed between the slow and fast movement 

blocks. Quite the contrary, in this group we even observed the reverse 

relationship. More precisely, although decision speed was similar 

between fast and slow movement blocks, the changes in movement 

speed correlated negatively with changes in decisions speed: the 

more subjects accelerated their movement speed in fast compared to 

slow movement blocks, the more they slowed down their decision. This 

is consistent with a tradeoff type of relationship in this (slow decision) 

group, contrasting with the coregulation effect observed in the other 

(fast decision) group, despite the fact that subjects from both groups 

displayed a coregulation effect when manipulating decision speed in 

Experiment 1. 

 Interestingly, similar observations regarding context-dependent 

variations in Experiments 1 and 2 were made when considering 

directly the relationship between movement speed and decision 

urgency itself (and not only decision speed), as done for the first time 

in this study. As such, in Experiment 1, the decision urgency was 

clearly higher in fast decision blocks compared to slow decision blocks 

and this upregulation was found to significantly correlate with the 

changes in movement speed that occurred between the two contexts: 

the greater the context-dependent increase in urgency level, the more 

subjects accelerated their movement speed from one block type to the 
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other. Similarly, the coregulation observed in the fast decision group 

of Experiment 2 was also apparent when considering the urgency: fast 

movement blocks were associated with a higher urgency intercept 

than slow movement blocks in this group of individuals. Such a 

relationship was not found when the other (slow decision) group was 

considered. Hence, altogether, these findings indicate that the 

relationship between decision speed/urgency and movement speed 

can shift from a coregulation to a tradeoff according to the task goals, 

which provides an explanation for the apparent discrepancy between 

findings of past studies (Carsten et al., 2023; Kita et al.,2023.; 

Reynaud et al., 2020; Saleri Lunazzi et al., 2021).  

The deliberation time impacts on movement speed 

In our experiment, the level of urgency did not only vary in a 

context-dependent manner (i.e., between blocks) but also in a time-

dependent manner (i.e., over the course of a trial). That is, as shown 

in many past studies, urgency increased during a trial, pushing the 

subjects to respond as the trial comes to an end. Consistent with a 

natural coregulation of decision speed and movement, we observed a 

time-dependent speeding up of movements over the course of a trial, 

as already reported in past studies (Thura et al., 2014; Thura, 2020; 

Thura et al., 2012). Interestingly, this was generally true, whether 

considering results from Experiment 1 or Experiment 2: overall, 

movement speed increased as deliberation time (and thus urgency) 

increased, in a given context.  

Yet, an intriguing finding here, is that in Experiment 1, this effect 

was only observed in the slow decision blocks (generally associated 

with slow movements) but not in the fast decision blocks (where 

movements were generally faster due to the context-dependent 

change in urgency elicited by the task instruction to decide fast). A 
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possible explanation for this is that the slope of the urgency function 

was smaller in the fast than slow decision blocks of this experiment, 

as shown in the past. That is, when subjects put the emphasis on 

decision speed, the intercept is higher but then the urgency increases 

more slowly as evident by a smaller slope in fast decision blocks 

(Thura et al., 2014; Thura, 2020). Hence, the weaker increase in 

urgency over the course of the trial in the latter block type may be 

responsible for the absence of time-dependent effect on movement 

speed in that condition, compared to the slow decision blocks where 

the slope is steeper following a lower intercept. Nevertheless, previous 

studies have shown an acceleration of movements with the passage 

of time, irrespective of the slope size of the urgency signal (Thura et 

al., 2014; Thura, 2020). Another plausible explanation is that the 

impact of urgency on movement speed is counteracted by a process 

controlling the energy cost. More precisely, the energy expenditure as 

a function of movement duration is represented by a concave upward 

function for many types of movement (Shadmehr et al., 2016; Steudel-

Numbers & Wall-Scheffler, 2009; Yoon et al., 2018; Zarrugh et al., 

1974). As the speed of movement is slower in the slow decision blocks 

than in the fast decision blocks, it is possible that accelerating the 

movement speed decreases energy expenditure in the former and 

increases it in the latter. Increasing the energetic cost of movement in 

the fast decision blocks would lead to a decrease in the value of the 

reward, and thus the rate of reward. Therefore, limiting the impact of 

the urgency signal depending on the energy cost seems entirely 

credible. The fact that previous studies did not observe a ceiling effect 

for the urgency signal could be linked to the type of movement involved 

in the task. Indeed, in these studies, the task involved reaching 

movements, whereas our experiment required index finger tapping 

movements. Unlike the latter, reaching movements are large and 
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involve several joints (at least the three articulations of the arm). It is 

likely that such multi-joint movements offer a wider range of movement 

speeds than single-joint (tapping) movements.   

Pupil dilation reflects an increase in arousal related to urgency 

and decision accuracy 

Converse to previous studies (Gross & Dobbins, 2021; Murphy 

et al., 2016; Steinemann et al., 2018), the pupil dilation did not differ 

significantly between fast and slow decision blocks. However, we 

found an increase in dilation as a function of decision duration, 

suggesting that pupil dilation may be partly linked to the urgency signal 

(Gross & Dobbins, 2021; Lawlor et al., 2023; Murphy et al., 2011, 

2016; Steinemann et al., 2018). This idea is supported by the similarity 

found between pupil dilation and urgency signal as well as the positive 

correlations that were found between their parameters (see Fig. S6 in 

supplementary materials).  Yet surprisingly, unlike the urgency signal, 

pupil size tended to be more dilated in slow compared to fast decision 

blocks. Contrasting with previous studies (Gross & Dobbins, 2021; 

Murphy et al., 2016; Steinemann et al., 2018), this result suggests a 

recruitment of the arousal system as a function of both urgency and 

accuracy. One possible explanation is that the emphasis on decision 

accuracy in slow decision blocks was particularly high in our design. 

This pressure could arise from the fact that using a fixed number of 

trials limits the possibility of increasing the rate of reward, giving 

importance to each trial. The positive correlation between pupil dilation 

and performance in ambiguous trials supports this idea, showing that 

the more the pupil was dilated in slow decision blocks, the more 

subjects increased their accuracy in this condition for a same level of 

evidence.  
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Altogether, these results suggest that pupil dilation reflects two 

overlapping actions. More precisely, the recruitment of the arousal 

system would, on the one side, increase the gain of sensory 

information at the decision level with the increase in urgency in the fast 

decision blocks, and on the other side, increase the attention to 

enhance accuracy in a context where it is prioritized regardless of 

urgency, as in our slow decision blocks. The mechanisms through 

which the arousal system can enhance performance accuracy are still 

unclear, but may involve enhancing processing of sensory information 

(Zénon, 2019). This hypothesis is in line with a report by Steinemann 

and his colleagues, who showed that pupil dilation is associated with 

better encoding of sensory evidence in the visual cortex. Nevertheless, 

further studies are needed to investigate the involvement of the 

arousal system in decision making using causal approaches, using for 

example techniques such as transcutaneous vagus nerve stimulation 

(Hilz, 2022).   

Several neural mechanisms are likely to shape the relationship 

between decision and movement speed 

Plausible neural source underlying the natural coregulation of decision 

speed and movement speed 

A possible candidate for the coregulation effects observed in 

our two experiments is the basal ganglia (Chen & Yang, 2021; 

Dudman & Krakauer, 2016; Kaduk et al., 2023;  Desmurget & Turner, 

2010). As such, this structure could be at the source of a signal 

invigorating behavior as a whole to maximize reward rate, as 

hypothesized in several studies of the last decade (Carsten et al., 

2023; Cisek & Thura, 2022; Thura, 2020; Thura et al., 2022; Thura & 

Cisek, 2017). Reward-sensitivity of the dopaminergic system has been 

extensively studied in the past (Berridge & Robinson, 2016; Salamone 



 

78 
 

& Correa, 2024; Schultz et al., 2017; Weinstein, 2023) Consistently, 

dopamine seems strongly implicated in the control of decision speed 

and movement vigor (Bourgeois et al., 2016; Coddington & Dudman, 

2019; Niv, 2007; Pietro Mazzoni et al., 2007). Interestingly, it is 

believed that it amplifies motor gain (Park et al., 2020; Yttri & Dudman, 

2018), which seems to rely, at least in part, on inhibitory influences 

increasing the signal-to-noise ratio in motor neural activity (Duque et 

al., 2017; Greenhouse, 2022; Vassiliadis et al., 2020; Wilhelm et al., 

2022). This dopamine-mediated invigoration may be thus responsible 

for the increased surround inhibition, a phenomenon observed in 

studies applying transcranial magnetic stimulation (TMS) during 

movement preparation, which has traditionally been associated with 

an increase in movement vigor (Dudman & Krakauer, 2016; Shadmehr 

et al., 2019) but which has also recently been linked to an increase in 

decision urgency (Derosiere et al., 2022).  

Plausible neural source underlying the occurrence of a tradeoff 

between decision urgency and movement speed  

 The context-dependent modulations of decision speed as a 

function of the movement blocks in the slow decision group of 

Experiment 2 reflects a tradeoff rather than a coregulation of decision 

and movement speed, despite the fact that there is evidence for a 

coregulation in this same group in Experiment 1 (see Fig. S7 in 

supplementary materials). This suggests that the requirement to focus 

on decision accuracy led this group of subjects to recruit processes 

allowing to maintain the appropriate level of accuracy despite the fact 

that switching from slow to fast movement blocks let to a joint 

invigoration of decision with movement speed. Such hypothesis is 

supported by a marginal negative correlation found between the UPPS 

score for urgency and the Delta-Block of decision duration in the slow 
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decision group (see Fig. S.8 in supplementary materials). Although 

non-significant (p-tendency of 0.083), this correlation leads us to 

formulate a hypothesis for future studies; the more impulsive the 

subjects are (higher UPPS urgency score), the less they are able to 

slow down their decisions in fast movement blocks (lower Delta-Block 

decision). In other words, this suggests a lower ability to counteract 

the effect of common invigoration, an interesting idea for future 

investigations. Therefore, it is plausible that a cognitive control process 

(less efficient in impulsive individuals) can come into play and 

selectively shape decision parameters in a goal-directed manner, 

helping to “hold your horses”. This type of inhibitory control mechanism 

has been widely studied during conflict resolution and during action 

stopping as an extreme case of braking (Frank et al., 2007; Mosher et 

al., 2021). Several lines of evidence indicate that it relies on the 

hyperdirect pathway from medial frontal cortex to subthalamic nucleus 

(Cavanagh et al., 2011; Forstmann et al., 2008; Herz et al., 2017), 

producing broad, non-specific inhibition in motor areas to slow down 

the action selection process (Aron et al., 2016; Duque et al., 2016; 

Klein et al., 2014; Wessel & Aron, 2017). This effect would be 

associated with a broad motor cortex suppression as already observed 

in past TMS studies, showing for instance reduced excitability in leg 

muscles during cautious finger responses (Derosiere et al., 2022; 

Duque et al., 2017). 

3.6. Conclusion 

In conclusion, the interaction between decision and movement 

speed seems influenced by different mechanisms. Our findings 

highlight two of them; a common invigoration mechanism responsible 

for a natural coregulation between decision and movement speed, and 

a cognitive mechanism, which slows down decisions when the reward 
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is linked to the precision of the choices. Contrary to expectations, 

although the urgency signal was influenced by changes in movement 

speed, it did not always correlate with it, suggesting that this signal 

reflects a combination of the different mechanisms involved in decision 

making and not just that of invigoration. Interestingly, our results 

support a link between pupil dilation and decision urgency, but here 

also with the additional influence of an accuracy-promoting factor. 
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3.7. Supplementary materials 

 

Figure S1. Movement performance in Experiment 1. In order to exhort subjects to 

do their tapping movement in a row, we added a pacman animation with a chasing 

ghost during the movement phase (see related section in Methods for more details). 

Participants successfully escaped the ghost (Pacman Success) equally in fast 

decision blocks (blue bar) and slow decision blocks (white bar). Error bars represent 

SE. 

 

Figure S2. Movement performance in Experiment 2. On average, participants had 

more difficulty keeping up with the speed imposed in the fast movement blocks (red 

bars) than in the slow movement blocks (white bars). More precisely, the success rate 

was lower in fast relative to slow movement blocks for both the first tapping movement 

(higher percentage [%] of incorrect first movement, left panel) and the following ones 
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in the movement phase (lower % of correct following movements, right panel). Error 

bars represent SE. ***p < 0.001. 

 

 

Figure S3. Typical pupil dilation signal. In order to characterize block-related 

changes in pupil size during the decision phase, we extracted the peak of pupil dilation 

(Peak pupil dilation) following the first flexion initiation (Movement initiation) in each 

trial. This figure shows the evoked pupil dilation aligned to movement initiation (0) in 

one subject. 
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Figure S4. Impact of movement duration on decision duration when including 

trials in which subjects failed to move as required in Experiment 2.  To ensure 

that the important trial exclusion did not mask any potential relationship between 

decision making and movement execution, we conducted further analyses involving 

all trials even those in which subjects failed to move as required. This analysis adopted 

a more lenient criterion, wherein only trials where subjects completed the Pacman 

animation with three times as many movements as expected were excluded (overall 

only 14% of trials were removed for the analysis). A: participants in the fast decision 

group made constantly faster decisions than those in the slow decision group (left 

panel). Due to the increase in variability, the Group x Block type interaction was not 

significant anymore (p = 0.113). But, this interaction became closer to significance 

when the analysis was focused on the speed of the first flexion rather than the average 

speed of all movements (p = 0.064). Moreover, long movement durations were 

associated with short decision durations in both, fast and slow decision groups (right 

panel; see also insets displaying specifically the decision/movement ratio in the fast 

and slow decision groups). B: we did not find any relationship between block-related 

changes in movement duration (Delta-Block movement) and block-related changes in 

decision duration (Delta-Block decision) for the fast decision group (left panel). For the 
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slow decision group (right panel), Delta-Block movement correlated negatively with 

Delta-Block decision, similar to the analysis reported in the main text on a restricted 

number of trials. Error bars represent SE. # t-test against 0 p < 0.05, *p < 0.05. 

 

 

Figure S5. Tonic pupil dilation in Experiment 1 (n=18). As a control analysis, we 

considered a window of 250 ms before the trial onset to measure tonic pupil dilation. 

As shown on the left panel, such tonic pupil dilation was similar in fast (blue bar) and 

slow decision blocks (white bar). Furthermore, block-related changes in tonic dilation 

(Delta-Block tonic) did not correlate significantly with changes in Peak pupil dilation 

(Delta-Block phasic), ruling out the possibility that a difference in baseline (tonic) pupil 

between the two block types could have been responsible for our results on phasic 

pupil size (right panel).  
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Figure S6. Peak pupil data as a function of urgency at decision time in 

Experiment 1 (n=18).  Peak pupil dilation was smaller in fast (blue bar) than slow 

(white bar) decision blocks (left panel). Consistent with the positive correlation found 

between pupil dilation and urgency signal, Peak pupil dilation increased with urgency 

level in both types of blocks (right panel). Furthermore, this increase in pupil dilation 

with urgency was similar between the two block types as emphasize by the similar 

ratios (Delta-Bin pupil/Delta-Bin urgency; see inset). Error bars represent SE. ***p < 

0.001. 
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Figure S7. Impact of decision duration on movement duration in Experiment 1, 

focusing on the subjects who were part of the slow decision group in 

Experiment 2 (n=27). This group of subjects showed a tradeoff type of relationship 

between decision and movement duration in Experiment 2. Here, we verified that their 

performance in Experiment 1 supported a coregulation between these two levels of 

control. As depicted in A., the results showed faster movements in fast decision (blue 

bar) relative to slow decision (white bar) blocks (left panel). Moreover, the duration of 

movements as a function of decision duration evolved differently between the two 

types of blocks (right panel). Although the ratios did not differ from 0 for both fast and 

slow decision blocks (see inset), the ratio for slow decision blocks still tended to be 

lower. Regarding the correlation (B.), we found a positive correlation between the 

change between fast and slow decision blocks in decision duration (Delta-Block 

decision) and movement duration (Delta-Block movement); the more participants 

responded faster in fast decision blocks compare to slow ones (i.e., lower Delta-Block 

decision values), the more they accelerated their movement speed (i.e., lower Delta-

Block movement values) in this block type. Hence, subjects in the slow decision group 

switched from displaying a coregulation between decision and movement in 

Experiment 1 to a tradeoff relationship in Experiment 2. Error bars represent SE. ***p 

< 0.001.  
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Figure S8. Correlation with UPPS-score in slow decision group of Experiment 

2. Given that deltas were computed by measuring the difference in duration between 

fast and slow conditions, the more the subjects showed an effect of the condition (or 

tradeoff), the more they displayed a positive Delta-Block decision. Subjects who were 

more impulsive (higher Urgency UPPS-score) tended to show less ability to slow down 

(lower Delta-Block decision). 
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Table S1. Demographic description of fast decision and slow decision groups. 

The table includes the Bayesian independent t-tests for the sex, the age and the five 

facets of trait impulsivity of the short-UPPS. BF10 grades the strength of evidence for 

the alternative hypothesis against the null hypothesis. The error percentage (Error %) 

indicates the numeric robustness of the results, with low values of the Error % 

corresponding to a greater numerical stability of results. The gender of the participants 

was transformed into a numerical score to compare the average between the two 

groups (i.e., 1 for female (F) and 0 for male (M)). 

 

 

 

 

 

 

 

 

 Fast decision Slow decision BF10 Error % 

gender (M/F) 12/15 10/17 0.309 0.008 

Age 25.11 ± 3.65 23.81 ± 2.87 0.651 0.008 

Urgency 8.52 ± 3.19 8.37 ± 3.20 0.277 0.008 

Positive urgency  10.63 ± 2.82 10.56 ± 1.85 0.275 0.008 

Lack of Perseverance 7.85 ± 2.52 7.30 ± 2.45 0.361 0.008 

Lack of Premeditation 6.70 ± 2.46 7.33 ± 2.45 0.396 0.008 

Sensation seeking 11.07 ± 2.05 10.33 ± 3.06 0.430 0.008 
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Table S2. Paired Student’s t-tests of urgency level over decision duration in 
Experiment 1.  The table presented a comparison of the level of urgency between 
fast decision blocks and slow decision blocks across each of the 8 decision duration 
bins (BinDD). For every bin, the level of urgency was significantly higher in the fast than 
in the slow decision blocks. The critical t-value, the p-value and the Cohen’s d as a 
measure of the effect size are represented for each BinDD. Significant p-value (with a 
Bonferroni-corrected threshold of .05/8) are highlighted in bold and blue. 

 

 

 

 

 

 

BinDD t-value df p-value Cohen’s d 

1 12.784 55 < 0.001 1.708 

2 10.122 55 < 0.001 1.353 

3 8.298 55 < 0.001 1.109 

4 7.261 55 < 0.001 0.970 

5 6.421 55 < 0.001 0.858 

6 5.676 55 < 0.001 0.758 

7 4.816 55 < 0.001 0.644 

8 3.761 55 < 0.001 0.503 

 1 
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Table S3. Paired Student’s t-tests of pupil dilation over decision duration in 
Experiment 1.  The table presented a comparison of the pupil dilation between fast 
decision blocks and slow decision blocks across each of the 8 decision duration bins 
(BinDD). Supporting the BlockType x decision duration interaction in the mixed model 
(see related section in Analyses of pupil dilation for more details), the paired t-tests 
showed that, in early bins, pupil dilation did not differ significantly between block types 
but that it became progressively larger in slow than fast decision blocks in the last bins 
of decision duration. The critical t-value, the p-value and the Cohen’s d as a measure 
of the effect size are represented for each BinDD. Significant p-value (with a 

Bonferroni-corrected threshold of .05/8) are highlighted in bold and blue. 
 

 

 

 

 

 

 

 

 

BinDD t-value df p-value Cohen’s d 

1 -3.086 17 0.007 -0.727 

2 -4.007 17 < 0.001 -0.944 

3 -2.352 17 0.031 -0.554 

4 -3.561 17 0.002 -0.839 

5 -4.408 17 < 0.001 -1.039 

6 -3.884 17 0.001 -0.915 

7 -3.191 17 0.005 -0.752 

8 -5.583 17 < 0.001 -1.316 

 1 
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Abtract: Errors and their consequences are typically studied by 

investigating changes in decision speed and accuracy in trials that 

follow an error, commonly referred to as “post-error adjustments”. 

Many studies have reported that subjects slow down following an 

error, a phenomenon called “post-error slowing” (PES). However, the 

functional significance of PES is still a matter of debate as it is not 

always adaptive. That is, it is not always associated with a gain in 

performance and can even occur with a decline in accuracy. Here, we 

hypothesized that the nature of PES is influenced by one’s speed-

accuracy tradeoff policy, which determines the overall level of choice 

accuracy in the task at hand. To test this hypothesis, we had subjects 

performing a task in two distinct contexts (separate days), which either 

promoted speed (hasty context) or cautiousness (cautious context), 

allowing us to consider post-error adjustments according to whether 

subjects performed choices with a low or high accuracy level, 

respectively. Accordingly, our data indicate that post-error adjustments 

varied according to the context in which subjects performed the task, 

with PES being solely significant in the hasty context (low accuracy). 

In addition, we only observed a gain in performance after errors in a 

specific trial type, suggesting that post-error adjustments depend on a 

complex combination of processes that affect the speed of ensuing 

actions as well as the degree to which such PES comes with a gain in 

performance. 
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4.1. Introduction 

We all make mistakes. For instance, many of us have 

experienced sending an email to the wrong person. After such an 

error, we typically write a second message to apologize and rectify. 

But when we send the second email, we usually take more time to 

check that the recipient is correct. We therefore adapt our behavior in 

order to avoid reproducing previous mistakes. Such an ability to adapt 

after an error is essential to achieve our goals.  

Errors and their consequences are typically studied in two-

choice reaction time tasks by investigating changes in decision speed 

and accuracy in trials that follow an error, commonly referred to as 

“post-error adjustments”. Using such tasks, many studies have 

reported that subjects slow down following an error, a phenomenon 

called “post-error slowing” (PES) (Dubravac et al., 2020; Fu et al., 

2019; Nigbur & Ullsperger, 2020; Topor et al., 2021). 

The functional significance of PES is still a matter of debate 

though (Damaso et al., 2020; Kirschner et al., 2021; Wessel, 2018). 

Because slowing down after an error is often associated with an 

increase in accuracy, PES is traditionally attributed to adaptive 

adjustments of decision policies, favoring a more cautious response 

style to improve performance in the subsequent trial (Beatty et al., 

2020; Cavanagh et al., 2014; Purcell & Kiani, 2016; Rabbitt & Vyas, 

1970; Siegert et al., 2014; Smith & Brewer, 1995; Steinhauser & 

Andersen, 2019).  However, several recent studies have revealed that 

PES can also occur in a somewhat ‘maladaptive’ way as, sometimes, 

slowing does not necessarily lead to improvement in accuracy; in fact, 

PES can even come with a decrease in decision accuracy (Ceccarini 

et al., 2019; Compton et al., 2021; Eben et al., 2020b; Kirschner et al., 

2021; Schroder et al., 2020; Smith et al., 2020). These findings 
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indicate that the functional significance of PES may vary according to 

the context in which it is observed.  

A careful analysis of the literature reveals that the degree to 

which PES is adaptive (i.e., increases accuracy) or ‘maladaptive’ (i.e., 

takes place without accuracy improvement) depends partly on the 

average level of accuracy of subjects in the task at play. That is, in 

studies reporting an adaptive PES, the overall level of choice accuracy 

is typically low (i.e., generally between 60 - 80% of correct choices) 

because the task is relatively complex and/or because the instruction 

requires subjects to respond quickly within a given time limit (Purcell 

& Kiani, 2016; Siegert et al., 2014; Steinhauser & Andersen, 2019). In 

this situation, errors are clearly expected and slowing down after them 

has a positive effect on choice accuracy (Damaso et al., 2020; Dyson 

et al., 2018; Hajcak et al., 2003; Siegert et al., 2014; Wessel, 2018). 

By contrast, studies reporting a maladaptive PES rather use reaction 

time tasks that are quite simple such that the overall level of choice 

accuracy is usually much higher (i.e., more between 80 – 100% of 

correct choices) (Castellar et al., 2010; Compton et al., 2021; Eben, 

Billieux, & Verbruggen, 2020; Houtman et al., 2012; Kirschner et al., 

2021; Li et al., 2020; Notebaert et al., 2009). In such settings, errors 

represent infrequent and unexpected events that may catch attention, 

resulting in a maladaptive PES that deteriorates (rather than 

enhances) choice accuracy in the consecutive trial (Castellar et al., 

2010; Houtman et al., 2012; Sokolov, 1963).  

Thus, whether PES is adaptive or maladaptive might be partly 

influenced by choice accuracy. This in turn depends on the task 

characteristics, such as its global difficulty or on the speed-accuracy 

tradeoff (SAT) policy of subjects performing the task. Indeed, most 

decisions require balancing speed and accuracy, making the SAT a 
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universal property of behavior (Guo et al., 2020; Henmon, 1911; 

Miletić et al., 2021; Reynaud et al., 2020; Rinberg et al., 2006; Salinas 

et al., 2014). Humans and other non-human animals are able to adjust 

their SAT depending on context, favoring either hasty (i.e., high speed, 

low accuracy) or cautious (i.e., low speed, high accuracy) decision 

policies (Chittka et al., 2009; Heitz, 2014; Spieser et al., 2017; Thura, 

2020). Hence, because choice accuracy varies depending on the SAT, 

it is plausible that PES can shift from being adaptive to being 

maladaptive depending on whether the emphasis is on speed or 

accuracy when performing the same task in separate blocks. 

In conclusion, past research suggests that errors can trigger 

PES of adaptive or maladaptive nature (Joram van Driel et al., 2012; 

Schiffler et al., 2017; Wessel, 2018). These two different types of 

behavior have been evidenced in separate studies using distinct tasks 

or instructions where performance is either characterized by a low or 

a high level of choice accuracy, respectively. Here, we hypothesized 

that the nature of PES can also vary within a given task depending on 

whether the SAT context favors a hasty (i.e., high speed, low 

accuracy) or a cautious (i.e., low speed, high accuracy) decision 

policy. More precisely, we predicted that errors would be common and 

expected when the context favors choice speed due to the choices’ 

promptness (Damaso et al., 2020), whereas they would be rare and 

unexpected when the context favors choice accuracy. Hence, we 

expected PES to be less adaptive (and potentially maladaptive) when 

the emphasis is on choice accuracy in a cautious SAT context 

compared to when the emphasis is on response speed. To test this 

hypothesis, we used a modified version of the “Tokens task” (Cisek et 

al., 2009; Derosiere et al., 2019, 2021), involving choices between left 

and right index fingers. In this task, incorrect choices led either to a 

low or to a high penalty in two different SAT contexts, inciting subjects 
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to implement either hasty or cautious decision policies, respectively. 

We predicted that PES would be more adaptive (i.e., associated with 

a higher increase in accuracy) in the low than in the high penalty 

context. 

4.2. Material and Method 

Participants  

A total of 43 healthy volunteers participated in this study (25 

Women: 23.5 ± 2.3 years old). All participants were right-handed 

according to the Edinburgh Questionnaire (Oldfield, 1971). None of 

them had any neurological disorder or history of psychiatric illness or 

drug or alcohol abuse; and no one was following any clinical treatment 

that could have influenced performance. Participants were financially 

compensated for their participation and could also receive extra 

compensation based on their performance on the task (see below). All 

gave written informed consent at the beginning of the experiment. The 

protocol was approved by the Ethics Committee of the Université 

catholique de Louvain (UCLouvain), Brussels, Belgium. Data 

presented here were also used (for a different purpose) in another 

paper (Derosiere et al., 2022). 

Tokens task  

Subjects were seated in front of a computer screen, positioned 

at a distance of 70 cm from their eyes. Both forearms were placed on 

the surface of a table with the left and right index fingers placed on a 

keyboard turned upside down (Fig. 1.A). Subjects performed a variant 

of the “Tokens task” (Cisek et al., 2009; Derosiere et al., 2021; Thura 

& Cisek, 2014), which was implemented by means of LabView 8.2 

(National Instruments, Austin,TX). In this decision making task, 

participants had to continuously monitor the distribution of 15 tokens 
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jumping one by one from a central circle to one of two lateral circles. 

The subjects were instructed to guess which lateral circle would 

ultimately receive the majority of the tokens; they had to indicate their 

choice before the last token jump, by pressing a key with the left or 

right index finger (i.e., a F12 or F5 key-press for the left or right circle, 

respectively).  

As depicted on Figure 1.A., in between trials, subjects were 

always presented with a default screen, consisting of three blue circles 

(4.5 cm diameter each) displayed on a white background for 2500 ms. 

Each trial started with the appearance of the 15 tokens randomly 

arranged in the central circle. After a delay of 800 ms, a first token 

jumped towards the left or right circle, followed every 200 ms, by the 

other tokens, jumping one by one, to one of the two lateral circles. 

Subjects were asked to respond as soon as they felt sufficiently 

confident. The reaction time (RT) was calculated by computing the 

difference between the time at which subjects pressed the key to 

indicate their choice and the time of the first tokens jump (Jump1). After 

subjects had pressed the corresponding key, the tokens kept jumping 

every 200 ms until the central circle was empty (i.e., 2800 ms after 

Jump1). So, the feedback appeared only once all tokens were 

distributed. At this time, the chosen circle was highlighted either in 

green or in red depending on whether the response was correct or not, 

respectively. In addition, a numerical score displayed above the 

central circle provided subjects with a feedback of their performance 

(see the ‘Reward, penalty and SAT contexts’ section below). In the 

absence of any response before the last jump, the central circle turned 

red with a “Time Out” message and a “-4” (score) appeared on top of 

the screen. The feedback screen lasted for 500 ms and then 

disappeared at the same time as the tokens did (the circles always 

remained on the screen), denoting the end of the trial. From the 
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appearance of the tokens in the central circle, each trial lasted for 6600 

ms.   

One key feature of the tokens task is that it allows one to 

calculate, in each trial, the “success probability” pi(t) associated with 

choosing the correct circle i at each moment in time t. For example, for 

a total of 15 tokens, if at a particular moment in time the right (R) circle 

contains NR tokens, the left (L) circle contains NL tokens, and the 

central (C) circle contains NC tokens, then the probability that the circle 

on the left will ultimately be the correct one (i.e., the success probability 

of guessing left) is described as follows, where k represents the 

number of elements in the summation component of the equation : 

 

Although the token jumps appeared completely random to subjects, 

the direction of each jump was determined a priori, producing different 

types of trials according to specific temporal profiles of pi(t). There 

were four trial types: ambiguous, obvious, misleading, and arbitrary. 

The majority of trials (60 %) were ambiguous, as the initial jumps were 

balanced between the lateral circles, keeping the pi(t) close to 0.5 until 

late in the trial (i.e., pi(t) remained between 0.5 and 0.66 up to the 

Jump10). 15 % of trials were “obvious”, meaning that the initial token 

jumps consistently favored the correct circle (i.e., pi(t) was already 

above 0.7 after Jump3 and above 0.8 after jump5). 15% of the trials 

were “misleading”, where most of the first token jumps occurred 

towards the incorrect lateral circle (i.e., pi(t) remained systematically 

below 0.4 until Jump3; from then on, the following tokens jumped 

mainly in the other direction, that is, towards the circle that eventually 

turned out being correct). Finally, we included 10 % of trials that were 

(1) 
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completely arbitrary. These different types of trials were always 

presented in a randomized order.  

Reward, penalty and SAT contexts 

As mentioned above, at the end of each trial, subjects received 

a feedback score. Correct responses led to a positive score (i.e., a 

reward) while incorrect responses led to a negative score (i.e., a 

penalty). Subjects were told that the sum of these scores would turn 

into a monetary reward at the end of the experiment.  

In correct trials, the reward corresponded to the number of 

tokens remaining in the central circle at the time of the response (in € 

cents). Hence, reward for a correct choice in a given trial gradually 

decreased over time (Fig. 1.B.). For instance, a correct response 

provided between Jump5 and Jump6 led to a gain of 10 cents (10 

tokens remaining in the central circle). However, it only led to a gain of 

5 cents when the response was provided between Jump10 and Jump11 

(5 tokens remaining in the central circle). Hence, using a reward 

dropping over time increased time pressure over the course of a trial 

and pushed subjects to respond as fast as possible (Derosiere et al., 

2019, 2022).     

The penalty provided for incorrect choices did not depend on 

the time taken to choose a lateral circle. Importantly though, it differed 

between two contexts. In a first context, the cost of making an incorrect 

choice was low as the penalty was only of -4 cents, pushing subjects 

to make hasty decisions in order to get high reward scores (hasty 

context). Conversely, incorrect choices were severely sanctioned in 

the second context as the penalty there was of -14 cents, emphasizing 

the need for cautiousness (cautious context).  
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Moreover, not providing a response before Jump15 (i.e., time 

out trials) also led to a penalty, which was of -4 cents both in the hasty 

and in the cautious contexts. Hence, in the hasty context, providing an 

incorrect response or not responding led to the same penalty (i.e., -4 

cents), further increasing the urge to respond before the end of the trial 

in this context. Conversely, in the cautious context, the penalty for 

making an incorrect choice was much higher than that obtained for an 

absence of response (i.e., -14 vs -4 cents, respectively), further 

increasing subjects’ cautiousness in this context.  

Hence, with these two contexts, we could consider post-error 

behavioral adjustments depending on whether the cost of errors was 

either low or high, prompting the subjects to put the emphasis on 

decision speed (low accuracy) or on decision accuracy (high 

accuracy), respectively. As mentioned above, we expected to observe 

a post-error slowing (PES) in both cases but predicted that it would be 

more adaptive in the hasty than in the cautious blocks. 
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Figure 1. A. Schematic of the Tokens task.  In each trial, 15 tokens jumped one-by-
one every 200 ms from the central circle to one of the lateral circles. The subjects had 
to indicate by a left or right index finger keypress (i.e., F12 and F5 keys, respectively) 
which lateral circle they thought would receive the majority of tokens at the end of the 
trial. For a correct response, the subjects won, in € cents, the number of tokens 
remaining in the central circle at the time of the response. Hence, the reward earned 
for a correct response decreased over time, as depicted in B. The right side of panel 
A depicts the monetary outcome in three exemplary cases. The upper inset represents 
the reward provided for a correct response between Jump8 and Jump9, that is when 
7 tokens remain in the central circle at the moment the left circle is chosen; the middle 
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inset represents the penalty for an incorrect response in the hasty context, fixed at -4 
cents; the lower inset shows the penalty in a “Time Out” trial (no response), fixed at -
4 cents, regardless of the context. For representative purposes, the “Time Out” 
message is depicted below the circles in this example, while it was presented on top 
of the screen in the actual experiment. B. Contexts. Incorrect responses led to a fixed 
negative score, which differed depending on the context. In the hasty context (shown 
on the left), the penalty was low, equaling only 4 cents (see red line), promoting fast 
decisions. In contrast, in the cautious context (shown on the right), the penalty was 
high, equaling 14 cents, promoting thus slower decisions. 

Sensory evidence at RT 

The Tokens task also allowed us to assess the amount of 

sensory evidence (i.e., available information) supporting the subjects’ 

choice at the RT. To estimate the level of sensory evidence at RT, we 

computed a first-order estimation as the sum of log-likelihood ratios 

(SumLogLR) of individual token movements at this time (Cisek et al., 

2009): 

 

In this equation, p(ek|S) is the likelihood of a token event ek (a token 

jumping into either the chosen or unchosen lateral circle) during trials 

in which the chosen circle S is correct, and p(ek|NS) is its likelihood 

during trials in which the unchosen circle NS is correct. K, here, 

represents the different token jumps. The SumLogLR is proportional 

to the difference between the number of tokens contained in each 

lateral circle; the larger the number of tokens in the chosen circle, as 

compared to the unchosen circle, the higher is the evidence for the 

choice and thus the SumLogLR (Derosiere et al., 2019). We expected 

the latter to be overall higher in the cautious than in the hasty context, 

reflecting the higher evidence needed before committing to an 

accurate choice in the former context (Heitz, 2014; Miletić et al., 2021; 

Ratcliff, 2002). 

(2) 



 

103 
 

Experimental procedure 

Subjects performed the task in the two contexts in two different 

experimental sessions conducted on separate days at a 24-h interval. 

The order of the two sessions (i.e., hasty and cautious) was 

counterbalanced across participants. As described below, each 

session involved the same structure, except for the addition of a 

familiarization block in the first session only, to allow subjects to 

become acquainted with the basic principles of the task (this was of 

course not necessary for the session coming on the second day).  

Each session started with two short blocks involving a simple 

reaction time (SRT) task. This task was similar to the Tokens task 

described above except that, here, all tokens jumped simultaneously 

into one of the two lateral circles. The subjects were instructed to 

respond as fast as possible by pressing the appropriate key (i.e.,  F12 

or F5 for the left or the right circle, respectively). In a given SRT block, 

the tokens jumped always into the same circle, and subjects were 

informed in advance of the circle to choose within a block. This SRT 

task allowed us to estimate the sum of the delays attributable to the 

sensory and motor processes in the absence of a choice, as achieved 

in past studies (Cisek et al., 2009; Thura et al., 2014).  

Then, subjects performed a few practice blocks. The first one 

(10 trials) consisted in a version of the Tokens task in which the 

feedback was simplified; indicating only if the subjects’ choice was 

correct or incorrect by highlighting the chosen circle in green or red, 

respectively; no reward or penalty was provided here. This first 

practice block served to familiarize subjects with the basic aspects of 

the task and was only used during the first session. The practice then 

continued with two blocks (20 trials each) where subjects performed 
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the task in the context they would be involved in for the whole session 

(hasty or cautious blocks). 

After that, the actual experiment involved 8 blocks of 40 trials 

(320 trials per session; 640 trials per subject). Each block lasted about 

4 min and a break of 2 to 5 minutes was provided between each block. 

Each session lasted approximatively 150 minutes. 

Statistical analyses 

The analyses comprised two parts: first, we ran some tests to 

check that our manipulation of the penalty indeed led the subject to 

adopt different SAT policies in the two contexts. Second, and more 

related to the goal of the current study, we performed analyses to 

compare the post-error adjustments in the two contexts. Most of the 

statistical comparisons involved repeated-measures analyses of 

variance (ANOVARM) run with the Statistica software (version 10.0, 

Statsoft, Oklahoma United-States). Post-hoc comparisons were 

conducted using the Tukey’s Honestly Significant Difference (HSD) 

procedure. The significance level was set at p < .05. Moreover, for the 

analyses regarding post-error adjustments, we ran a Bayesian 

equivalent of the ANOVARM (and t-tests) with JASP (Wagenmakers, 

Love, et al., 2018). In this case, the Bayes Factor (BF10) quantifies the 

evidence for the alternative hypothesis against the null hypothesis and 

the prior and posterior inclusion probabilities (P(incl) et P(incl|data)) 

refer to the importance of each parameter based on the prior and 

posterior probabilities of each model including it, respectively. All data 

are presented as mean ± SE. 

Manipulation check 

In order to verify that our manipulation of penalty (-4 or -14 

cents) successfully induced SAT adaptations, we considered the RT, 
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the percentage of correct choices (%Correct) and the SumLogLR at 

RT in the two contexts. Overall, we expected to observe larger values 

for these variables in the high penalty (-14 cents) than in the low 

penalty (-4 cents) blocks, supporting a more conservative behavior in 

the cautious context compared to the hasty one. To address this 

directly, we analyzed each variable using two-way ANOVAsRM with 

CONTEXT (hasty or cautious) and TRIAL_TYPE (obvious, ambiguous 

or misleading) as within-subject factors. 

Post-error adjustments 

All analyses on post-error adjustments focused on behavior in 

ambiguous trials. This allowed us to characterize post-error 

adjustments in a homogeneous set of (ambiguous) trials. We 

investigated behavior in these trials, referred to as the “n” trials (trialsn), 

according to whether they followed an error or a correct choice. These 

trials preceding trialsn are referred to as trialn-1 and were separated 

according to whether they were ambiguous or misleading; there were 

too few errors in obvious trials to consider them as trialsn-1. Thus, we 

considered post-error adjustments on ambiguous trialsn according to 

the type of trialsn-1 (ambiguous or misleading). For this analysis, we 

had to exclude 14 participants who had less than five trialsn in at least 

one of the experimental conditions. As a result, statistical analyses 

were run on a total of 29 subjects (17 women: 23.4 ± 2.4 years old). 

On average in the hasty context, we characterized adjustments 

following errors in 22 ± 8 ambiguous trialn-1 and 15 ± 6 misleading trialn-

1 (corresponding to an error rate of 21 ± 7% and 44 ± 18%, 

respectively). In the cautious context, errors occurred in 13 ± 5 

ambiguous trialsn-1 and 10 ± 4 misleading trialn-1 (corresponding to an 

error rate of 13 ± 5% and 30 ± 12%, respectively). 
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There are different methods for quantifying post-error 

adjustments in trialsn (Dutilh et al., 2012; Hajcak & Simons, 2002). In 

the present study, we used a traditional approach consisting in 

calculating deltas (∆) for the RT (∆RT, ms) and for the %Correct 

(∆%Correct) in trialsn as follows: ∆RT was obtained by calculating the 

difference between the RT in correct trialsn that either followed an error 

or a correct choice in trialsn-1 (Damaso et al., 2020; Smith et al., 2020; 

Williams et al., 2016). Similarly, ∆%Correct corresponded to the 

difference in %Correct between trialsn following an error or a correct 

choice in trialsn-1. Hence, PES manifests as a positive ∆RT. If this 

positive ∆RT is associated with a positive ∆%Correct, it means that the 

PES is adaptive (i.e., is associated with a gain in decision accuracy) 

while a null or negative ∆%Correct reflects a maladaptive PES (no gain 

or drop in decision accuracy). These ∆RT and ∆%Correct were 

analyzed using two-ways ANOVARM with CONTEXT (hasty or 

cautious) and trialsn-1-TYPE (ambiguous or misleading) as within-

subject factors. 

4.3. Results 

Manipulation check 

On average, subjects displayed RTs of 1866 ± 457 ms; they 

performed with a %Correct of 81 ± 18 %, and did so for a level of 

evidence corresponding to 0.35 ± 0.72 (SumLogLR at RT value; a.u.). 

Importantly, as depicted in Figure 2 (upper panel), all these values 

were lower when the penalty was low (i.e. equal to -4 cents) compared 

to when it was high (i.e. equal to -14 cents), supporting a shift from a 

cautious to a hasty response policy when the penalty was low (all 

CONTEXT F1,28 > 7.3, all p < .05, see Table 1).  
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In addition, as shown on the lower panel of Figure 2, the 

ANOVARM revealed an effect of the TRIAL_TYPE on all three 

parameters (all F2,56 > 222, p < .001). As expected, subjects 

responded faster and more accurately in the obvious trials than in the 

other trials (all p < .001). They were also faster in misleading than in 

ambiguous trials (p < .001) but showed a lower accuracy (i.e., lower 

%Correct) in the former trial type (p < .001), consistent with their 

misleading nature. Regarding the SumLogLR at RT, it was the highest 

in the obvious and the lowest in the ambiguous trials (all p < .001), 

consistent with the different predefined pattern of token jumps in these 

different trial types.   

 

 

Figure 2: Reaction time (A; RT), percentage of correct choices (B; %Correct) 
and sensory evidence at RT (C; SumLogLR at RT), depending on the context 
(upper panel; hasty or cautious) and the trial type (lower panel; Obvious (O), 
Misleading (M) or Ambiguous (A)). Error bars represent SE. *p < .05, ***p < .001: 
significantly different. 
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Finally, the RT and SumLogLR at RT did not display any 

significant CONTEXT x TRIAL_TYPE interaction (all F2,56 < 2.8, all p > 

.05). Yet, as depicted in Figure 3, this interaction was significant for 

the %Correct (F2,56 = 14.35, p < .001). As such, the %Correct was larger 

in the cautious context relative to the hasty one but only in ambiguous 

and misleading trials (p < .01 and p < .001, respectively). In fact, the 

obvious trials were so easy that subjects did not make mistakes in this 

trial type whatever the context. 

 

 

Table 1.  Inferential analyses of behavioral adaptations to the SAT context. The 
main error square (MES), critical F-value, p-value and partial eta-squared (ɳP

2) are 
provided for each factor (CONTEXT; TRIAL_TYPE) and their interaction (CONTEXT 
X TRIAL_TYPE), following the analysis of reaction time (RT), percentage of correct 
choices (%Correct) and sensory evidence at RT (SumLogLR at RT). Significant p-
values are highlighted in bold and blue 
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Figure 3: CONTEXT x TRIAL_TYPE interaction on percentage of correct choices 
(%Correct). %Correct was lower in the hasty (blue bars) than in the cautious (red 
bars) context when considering Misleading (M) and Ambiguous (A) trials but not for 
the Obvious (O) trials. Note the absence of errors in these latter trials (%Correct=100), 
whether in the hasty or cautious context. **p < .01, ***p < .001: significantly different. 
 
Post-error adjustments  

Post-error adjustments (∆RT and ∆%Correct), calculated with 

the traditional approach (Dutilh et al., 2012), are displayed in Figure 4 

for trialsn (always ambiguous), following either ambiguous or 

misleading trialsn-1. Even if ∆RT values were positive in all conditions, 

which would be consistent with the occurrence of PES, Student’s t-

tests against 0 showed that this slowdown was only significant in the 

hasty context (∆RT significantly above 0 with a Bonferroni-corrected 

threshold of .05/4), regardless of the TRIALn-1_TYPE (both t29 > 3, p = 

[.0003 .005], Cohen’s d = [.567 .767]); t-tests did not reveal any 

significant difference between ∆RT and 0 in the cautious context (both 

TRIALn-1_TYPE t29 > .8, p = [.024 .401], Cohen’s d = [.158 .444]). 

Similarly, equivalent Bayesian analyses (Wagenmakers, Love, et al., 

2018) showed moderate to strong evidence for PES in the hasty 

context (BF10 = [8.330 98.677]), and moderate evidence for a lack of 

adjustment after an error in the caution context (BF10 = [.275 2.207]).  

Consistently, the ANOVARM revealed a significant effect of CONTEXT 

on ∆RT (F1,28 = 6.26, p = .018), in the absence of TRIALn-1_TYPE effect 
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(F1,28 = .49, p = .49) or CONTEXT x TRIALn-1_TYPE interaction (F1,28 

= 1.39, p = .25). These results were supported by a Bayesian analysis 

showing moderate evidence for a context effect (BF10 = 5.411, see 

Table 2). 

 

Table 2. Inferential analyses of behavioral changes in trialn. The prior inclusion 
probability P(incl), the posterior inclusion probability P(incl|data) and the change from 
prior to posterior inclusion odds (BFincl) are provided for each factor (CONTEXT; 
TRIALn-1_TYPE) and their interaction (CONTEXT X TRIALn-1_TYPE), following the 
analysis of reaction time and %Correct change in trialn (∆RT and ∆%Correct). In 
addition, the BF10 grades the strength of evidence for the alternative hypothesis 
against the null hypothesis and the partial eta-squared (ɳP

2) represents a measure of 
the effect size. BF10 revealing a significant factor effect are highlighted in bold and 
blue. 

 

Figure 4 (lower panel) evokes positive ∆%Correct in all 

conditions, which would indicate an increase in decision accuracy in 

trialn. Yet, the Student’s t-tests showed that, this effect was only 

significant in the hasty context; more surprisingly, it was only present 

following misleading trialsn-1 (t29 = 4.21, p < .001, Cohen’s d = .781 and 

BF10 = 118.923; Bonferroni-corrected threshold= .05/4, see Table 3 for 

more details). Note though that the variations in ∆%Correct between 

the different conditions were rather weak, as confirmed by the 

ANOVARM analyses which only revealed a marginal effect of TRIALn-

1_TYPE (F1,28 = 3.53, p = .07), with no effect of CONTEXT (F1,28 = 1.51, 

p = .23) or CONTEXT x TRIALn-1_TYPE interaction (F1,28 = 1.48, p = 

.23 and BF10 = .283). These results were supported by a Bayesian 
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analysis showing anecdotal evidence for a TRIALn-1_TYPE effect 

(BF10 = 1.444, see Table 2). 

 

 

 

Figure 4: Post-error adjustments of reaction time (∆RT; upper panel) and %Correct 
(∆%Correct; lower panel) depending on the context (hasty or cautious) and on 
whether trialn-1 was ambiguous (crosshatched bars) or misleading (empty bars). While 
the positive ∆RT in all conditions suggest the presence of PES, this slowing down 
was only significant in the hasty context. The latter PES came with a positive 
∆%Correct but this effect was only significant following misleading trialsn-1. Error bars 
represent SE. #: t-test against 0 (significant difference from 0). *p < .05: significantly 
different. 
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In conclusion, our data indicate that post-error adjustments 

varied according to the context in which subjects performed the 

Tokens task, with PES being only significant in the hasty context, and 

a gain in performance being only observed after errors in misleading 

trials.  

 

Table 3.  Inferential Student’s t-tests of behavioral changes in trialn. The critical 
t-value, the p-value and the Cohen’s d as a measure of the effect size are represented 
for each factor (after ambiguous or misleading trialsn-1 in hasty or cautious context), 
following the analysis of reaction time and %Correct change in trialn (∆RT and 
∆%Correct). Significant p-value (with a Bonferroni-corrected threshold of .05/4) are 
highlighted in bold and blue. 

 

4.4. Discussion 

The literature on post-error adjustments is quite diverse and 

controversial, especially regarding the nature of PES; although often 

adaptive, PES sometimes comes with a decline in accuracy, 

suggesting that it can be maladaptive in some instances. Here, we 

investigated if the nature of PES can vary according to whether a 

subject behaves in a context favoring hasty or cautious decisions. To 

address this point, we had subjects perform the Tokens task in 

separate blocks where errors were either poorly penalized, 

encouraging hasty responses (but low accuracy), or highly penalized, 

calling for more cautiousness (at the cost of speed). The results show 

that, overall, subjects slowed down after erroneous choices, 

supporting the presence of PES. Yet, despite the fact that ∆RT values 

 1 

 
FACTOR 

t-
value 

 p-value 
Cohen’

s d 
BF10 

∆RT 

after ambiguous trialsn-1 in hasty context 4.131 < .001 .767 98.677  

after misleading trialsn-1 in hasty context 3.053 .005 .567 8.330  

after ambiguous trialsn-1 in cautious context 2.390 .024 .444 2.207  

after misleading trialsn-1 in cautious context .853 .401 .158 .275  

∆%Correct 

after ambiguous trialsn-1 in hasty context .894 .379 .166 .284  

after misleading trialsn-1 in hasty context 4.208 < .001 .781 118.923  

after ambiguous trialsn-1 in cautious context .994 .329 .185 .310  

after misleading trialsn-1 in cautious context 1.772 .087 .329 .786  
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were numerically positive in all conditions, this PES was only 

significant in the hasty context (after correction for multiple 

comparisons). Moreover, consistent with an adaptive adjustment in 

this context, we observed a significant improvement in performance, 

but only following misleading trialsn-1; the positive ∆%Correct did not 

reach significance following ambiguous trialsn-1. 

The positive values of ∆RT in all conditions indicate that, if 

anything, subjects slowed down after an error. However, contrary to 

our expectation to observe PES in the two contexts, this ∆RT was only 

significant in the hasty context suggesting that subjects only slowed 

down when they were in a context emphasizing speed (low accuracy) 

but not when the context promoted more accurate choices. PES, as 

observed in the hasty context, is usually associated with a cognitive 

control process recruited to prevent future errors (Beatty et al., 2020; 

Siegert et al., 2014; Smith & Brewer, 1995). Such process is thought 

to operate at least in part at the level of the decision threshold, 

increasing its height with respect to baseline activity as a means to 

augment the amount of (neural) evidence accumulation required to 

reach the decision threshold (Alamia et al., 2019; Derosiere et al., 

2019, 2022; Dutilh et al., 2012; Fischer et al., 2018; Derosiere et al., 

2018; Purcell & Kiani, 2016; Schiffler et al., 2017); this of course 

prolongs the decision time but increases the probability of choosing 

the right circle and therefore the reward rate. 

Consistent with the occurrence of such adaptive adjustment 

maximizing the reward rate in the hasty context, the PES observed 

there was associated with positive ∆%Correct values (Botvinick & 

Braver, 2015; Vassiliadis & Derosiere, 2020; Thura, 2020). Yet 

surprisingly, this was only true after misleading trialn-1 but not after 

ambiguous trialn-1, as ∆%Correct did not reach significance following 
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the latter trial type. Hence, PES in the hasty context led to a gain in 

performance following misleading trialn-1 but not after ambiguous trialn-

1. Such a finding suggests that errors did not solely trigger shifts in 

decision thresholds. Indeed, if this had been the case, one would have 

expected PES to be accompanied by a consistent increase in 

accuracy regardless of the type of trialn-1 in which an error occurred. 

Alternatively, a non-exclusive possibility is that task engagement 

varied following errors in these two trialn-1 types. We believe this may 

be the case because post-error task engagement (or arousal) has 

been shown to vary with the level of confidence at the moment an error 

is made (Desender et al., 2019; Purcell & Kiani, 2016; Yeung & 

Summerfield, 2012), which itself depends on the amount of sensory 

evidence available to make the (incorrect) choice (Desender et al., 

2019; Meyniel et al., 2015; Pouget et al., 2016; Sanders et al., 2016; 

Urai et al., 2017). Accordingly, past studies have shown that when 

errors are made based on poor sensory evidence (i.e., with a low 

confidence level, as in ambiguous trials), arousal decreases 

significantly in the following trial (Navarro-Cebrian et al., 2013; 

Castellar et al., 2010; Desender et al., 2019; Notebaert et al., 2009; 

Purcell & Kiani, 2016; Wessel, 2018), possibly precluding an initially 

adaptive PES from leading to a significant gain in performance. By 

contrast, as previously observed in cognitive interference tasks, when 

errors are related to the presence of high (conflicting) sensory 

evidence (as in misleading trials), arousal is found increased in the 

following trial, an effect that may help dedicate attention to relevant 

sensory evidence (Danielmeier et al., 2011; King et al., 2010). Hence, 

it is plausible that in the current study, post-error task engagement was 

larger following misleading than ambiguous trialn-1, allowing PES to 

result in a performance gain following the former but not the latter trial 

type.  Such a hypothesis could be tested in future work by investigating 
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changes in pupil diameter following errors in our task (Kahneman & 

Beatty, 1966; Saderi et al., 2021).  

Critically, Wessel proposed that PES arise from a sequence of 

processes including first a transient automatic response to the 

unexpected event (i.e., error), which triggers a reorientation of 

attention, followed by an adaptive process increasing decision 

threshold to prevent future errors (Wessel, 2018). Based on this 

adaptive orienting theory, the delay between the feedback on trialn-1 

(indicating an error) and the start of trialn, which corresponds to the 

intertrial interval (ITI) duration, can influence the nature of PES and 

needs to be long enough to allow the second adaptive process to take 

place. This was the case in our study where the ITI duration was 2500 

ms which, based on Wessel, is long enough for the adaptive process 

to occur. Hence, because the ITI duration was also comparable 

between the PES conditions, it is unlikely that this aspect of the task 

affected our data.  

Unexpectedly, in this study we observed PES only in the hasty 

but not in the cautious context. One tempting explanation is that 

slowing down after errors could only effectively increase accuracy in 

the hasty but not in the cautious context. That is, because subjects 

emphasized speed in the hasty context, it is likely that a great 

proportion of errors were made because subjects responded too fast 

and not necessarily because the trial was difficult (Damaso et al., 

2020). Hence, in this context, errors could easily be avoided by slowing 

down a bit in the following trial. In contrast, subjects were generally 

more cautious in the other context and it is thus plausible that errors 

occurred when choices were complex rather than because responses 

were too hasty (Brown & Heathcote, 2008; Ratcliff & McKoon, 2008; 

Ratcliff & Rouder, 1998).  Slowing down following these trials may not 
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be effective as it would not necessarily enhance accuracy; that is, even 

if subjects fail on the most complex choices, they are generally 

cautious enough to succeed on most trials and slowing down further 

would not lead to any performance gain. Yet, we believe such an 

explanation does not hold here. As such, it is important to note that 

RTs in cautious blocks were around 2017 ms, which falls between 

Jump10 and Jump11, coinciding thus with the moment sensory 

evidence in favor of the correct choice starts to increase greatly (see 

methods). This means that even if subjects were already generally 

cautious (and slower) in this context, slowing down would have been 

adaptive because it would have allowed to provide responses based 

on more evidence.  

A more plausible explanation is that the absence of PES in the 

cautious context is related to the way we promoted cautiousness in the 

current study. As such, changes in the SAT policy between the two 

contexts were engendered by manipulating the penalty size. However, 

even if error punishment is known to increase cautiousness (Derosiere 

et al., 2022; Potts, 2011), as desired here, monetary losses also 

generate an emotional response (Carver, 2006; Eben et al., 2020a; 

Frijda et al., 2014; Simões-Franklin et al., 2010), a sense of frustration 

increasing with the size of the loss (Eben et al., 2020c; Gehring & 

Willoughby, 2002; Holroyd et al., 2004;Yeung & Sanfey, 2004). 

Importantly, such negative emotion has been shown to induce a post-

error acceleration of RTs rather than a slowdown (Damaso et al., 2020; 

Dyson, 2021; Dyson et al., 2018; Eben et al., 2020; Verbruggen et al., 

2017). Accordingly, several studies have found that subjects act more 

impulsively after a loss or a nonrewarded trial than a rewarded one 

(Eben et al., 2020c; Gipson et al., 2012; Verbruggen et al., 2017). 

Altogether, this literature suggests that the emotional response to 

monetary loss might have precluded us from observing PES in the 
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cautious context. In other words, errors in the cautious context may 

have triggered opposite reactions counteracting each other; that is, a 

frustration feeling due to the high penalty (speeding up behavior) and 

an adaptive adjustment to prevent hasty errors (slowing down 

behavior). In the future, it would be interesting to dissociate the 

manipulation of the context from that of the penalty. Moreover, as the 

level of punishment sensitivity impacts error monitoring (Bradley et al., 

2018; Unger et al., 2012), it also seems relevant to add some 

questionnaires to measure this personality trait such as the behavioral 

inhibition system (BIS) scale. 

Interpretation of the current data is limited by the fact that a 

large number of subjects were excluded from the analyses because of 

an insufficient number of trials, reducing thus the sample size and the 

statistical power. In addition, the low error rate in the cautious context 

and the presence of different trial types impacted also the calculation 

of PES by preventing the use of another method than the traditional 

one. We recognize that this traditional method is prone to different 

biases such as global fluctuations in subject performance or in the 

number of post-correct trials outnumbering the number of post-error 

trials (Schroder et al., 2020). Note that even if some studies show that 

these biases can lead to an underestimation of post-error adjustments 

by decreasing effect sizes (Damaso et al., 2020; Schroder et al., 

2020), others suggest that these biases do not radically change the 

results (Murphy et al., 2016b; van den Brink et al., 2014).  

In conclusion, our findings highlight a complex combination of 

processes that come into play following errors and that affect the 

speed of ensuing actions as well as the degree to which such post-

error adjustment comes with a gain in performance or is rather 

maladaptive. The recruitment of these processes depends on several 
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factors, including the context within which choices are made and the 

nature of erroneous trials, which affect altogether the subjects’ 

strategy, their engagement in the task and likely also their emotional 

reaction to the error.  

 



5. General discussion 
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During my PhD, I tried to better understand how urgency 

context influences motor behavior. This led me to realize two distinct 

studies: Chapter 1 investigated the impact of urgency on the 

interactions between decision making and movement execution, while 

Chapter 2 focused on its influence on post-error adjustments. Briefly, 

in Chapter 1, the findings reveal that under high urgency conditions, 

both decision and movement speeds are inherently accelerated. This 

acceleration occurs by default when it allows to maximize the reward 

rate, or at least, when it is not detrimental to it. These results are 

consistent with another study led by Thomas Carsten in our group and 

to which I contributed (Carsten et al., 2023). Moving on to Chapter 2, 

our research demonstrates that post-error adjustments are influenced 

by the urgency context. A slowdown is observed exclusively in a 

context of high urgency, occasionally accompanied by an increase in 

accuracy. Altogether, these results led me to some interesting 

observations that I will further discuss below and that are related to (1) 

the concept of maximization of reward rate; (2) the neural substrates 

of urgency; (3) the role of the arousal system and; (4) final 

considerations on the urgency signal. 

5.1. Decision policy reflects the aim to optimize the reward 

rate.  

In both studies, participants demonstrated adaptive decision 

making, finely tuning their decision speed to optimize rewards. More 

precisely, their decision policy reflected the search for a good balance 

between the caution to insure the choice correctness and the urgency 

to limit reward discounting. Heightening caution prolonged deliberation 

time, enhancing the likelihood of selecting actions yielding rewards. 

This phenomenon is particularly pronounced in the Tokens task, 
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where the probability of success increases throughout the trial (Cisek 

et al., 2009; Derosiere et al., 2022). However, it is crucial to note that 

extending deliberation time is associated with a decrease in the 

subjective value of the reward, a phenomenon known as "(temporal) 

reward discounting" (Berret & Baud-Bovy, 2022; Haith et al., 2012; 

Shadmehr et al., 2010). Combining these aspects, the evolution of the 

reward rate in a trial can be conceptualized as a function of 

deliberation time (Carland et al., 2019). More precisely, the reward rate 

increases over time in tandem with the rising success probability until 

the "additional" deliberation time becomes a waste of time compared 

to the improvement in accuracy. At this juncture, the reward rate 

function begins to decline. Therefore, the optimal decision duration is 

described as the moment when the reward rate is maximized. 

In Chapter 1, the interaction between decision making and 

movement execution was contingent on the task goal. Specifically, we 

identified a default coregulation when it facilitated the maximization of 

reward rate, or at least when it did not compromise it. Chapter 2 

revealed that post-error slowing in high urgency was accompanied by 

increased accuracy, particularly when errors occurred in misleading 

trials. However, despite the explanation of these results through the 

lens of reward maximization, several studies, including Heitz et al. 

(2014), highlight the suboptimal nature of human behavior. Humans 

often prioritize accuracy over time, evidenced by decision durations 

that exceed optimal durations for maximizing reward rate (Balci et al., 

2011; Bogacz et al., 2006b, 2010; Maddox & Bohil, 2004). This 

suboptimal behavior could explain why we observed less evidence 

than expected for a coregulation between decision making and 

movement execution when we manipulated the movement speed in 

Experiment 2 of Chapter 1. As a reminder, in this experiment, although 

subjects in the fast decision group decided more quickly when they 
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had to perform fast movements, change in decision speed did not 

correlate with block-related change in movement speed. This 

discrepancy might be due to our experimental design, where the 

number of trials was fixed in both fast and slow movement blocks, 

limiting opportunities for getting the reward. Consequently, the 

urgency to respond was likely tempered in fast movement blocks to 

ensure decision accuracy, leading to a dissociation between the two 

levels of control. Furthermore, the absence of clear post-error 

speeding effect in the low urgency context of Chapter 2 could also be 

explained by an over-cautious behavior in our human subjects. 

Interestingly, such a post-error speeding was reported in non-human 

primates performing a similar task (Thura et al., 2017), possibly due to 

their more impulsive nature than humans (Boehm et al., 2016). 

Therefore, we hypothesized that errors in the low urgency context may 

have triggered opposite reactions counteracting each other; that is, a 

frustration feeling due to the high penalty associated with incorrect 

choices (which speeded up behavior) and an adaptive adjustment to 

prevent hasty errors (which slowed down behavior).  

Nevertheless, as discussed in the preceding chapter, human 

behavior appears to be in a constant state of adaptation, suggesting 

that the tradeoff between decision caution and urgency can be refined 

with practice. The article by Thura (2020) supports this idea, revealing 

distinct behavioral adaptations between the two urgency contexts, 

particularly evident in the second session of their study. Hence, 

analyses of trial-to-trial and global behavior hinge on the subjects’ 

understanding of task characteristics. As all the experiments began 

with a discovery block and some training, we can consider that the 

subjects had gone beyond the exploratory stage for the first 

experimental block. However, as explained in the previous paragraph, 

subjects seemed over-cautious in the Experiment 2 of Chapter 1 and 
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in the low urgency context of Chapter 2. The persistence of sub-

optimal behavior implies that participants might not have fully learned 

the task characteristics when they performed the experimental blocks 

in my research. As a matter of course, we should observe an increased 

haste in making decisions once the task characteristics are learned. 

To test this hypothesis, we looked here at whether the order of the 

experiments had an impact on our results in the fast decision group of 

Experiment 2 (in Chapter 1). An additional mixed model analysis on 

decision durations (not reported in the Chapter) revealed a significant 

Block type X Experiment order interaction (F1,9504.7= 11.034, p < 0.001, 

see Fig. 1). More specifically, the difference in decision duration 

between fast and slow movement blocks was only significant when 

subjects started with Experiment 1 (and thus performed Experiment 2 

at a more advanced practice stage; t1,9506.1 = 5.132, p < 0.001) but not 

when they started the study with Experiment 2 (t1,9503.1 = 0.591, p = 

1.000). A noteworthy model proposed by Doya in 1999 suggests that 

motor behavior at this stage integrates various learning types, 

including supervised and reinforced learnings (Doya, 1999; Fermin et 

al., 2016). This model posits a loop between the cerebellum, 

responsible for prediction, and the basal ganglia, focused on 

reinforcement. More precisely, the cerebellum would predict future 

behavioral outcomes (state), which are then evaluated by the 

prefrontal cortex and reinforced by the basal ganglia. Regardless of 

the context in which participants performed the Tokens task, they saw 

the last tokens jumps. These last token jumps were essential to 

understand the relevance of the feedback they got, especially for 

misleading trials. In this trial type, evidence at decision time often 

favored the selected circle (incorrect) before shifting to the correct one. 

Participants are likely to use the last token jumps to, at least partially, 

learn the characteristics of such a trial type. This supervised learning 
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not only facilitates adaptive behavior but also allows them to estimate 

the likelihood of selecting the correct circle on the first token jumps. 

This learning process may be further reinforced by rewarding feedback 

(points or monetary rewards in Chapters 1 and 2, respectively).  

 

Figure 1. Decision duration in the fast decision group of Experiment 2 

(Chapter 1). Data are separated depending on whether subjects performed this 

experiment first (before Experiment 1) or second (after Experiment 1). Note that the 

difference in decision duration between fast and slow movement blocks was only 

significant when subjects started with Experiment 1 (and thus performed Experiment 

2 at a more advanced practice stage) but not when they started the study with 

Experiment 2. ***p < 0.001 

 

To gain deeper insights into the potential for learning in the 

Token tasks and the ability to refine the balance between caution and 

haste towards optimized behavior, conducting experiments across 

multiple sessions would be valuable. Such an approach would enable 

the exploration of behavioral adaptations and shed light on the neural 

regions potentially involved in this intricate process. 

5.2. Neural substrates shaping urgency 

Our results in Chapter 1 suggest the operation of two different 

mechanisms: an invigoration mechanism controlling commonly 

decision and movement speed and a cognitive mechanism slowing 

down specifically the decision speed when it is required by the task 
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goal. Although these two mechanisms have already been discussed 

in the related paper, here, I am going to discuss their possible 

functioning and interaction more deeply. 

In our Chapter 1, participants accelerated both their decision 

and movement speed under high urgency context, supporting the 

hypothesis of a common invigoration mechanism (Carsten et al., 2023; 

Thura, 2020; Thura et al., 2012, 2014). It has been suggested in the 

literature that such a mechanism might rely on an urgency signal 

generated from the Basal ganglia (Thura, 2020; Thura & Cisek, 2017). 

More precisely, Thura and Cisek (Thura & Cisek, 2017) found that the 

activity of Globus Pallidus around movement onset is modulated as a 

function of movement characteristics including the direction, speed 

and amplitude. This result is in line with the idea of basal ganglia being 

involved in the control of movement execution (Damier et al., 2007; 

Purves, 2001; Yttri & Dudman, 2018). In addition, correlations between 

striatal activity and threshold modulation have been observed in some 

studies, hinting at the involvement of striatal pathways in speed-

accuracy tradeoffs at the decision making level (Forstmann et al., 

2008a; Forstmann et al., 2010). To further explore such involvement, 

Thura & Cisek (2017) looked at pallidal cell activity during the 

deliberation phase. Their activity was weakly influenced by visual 

evidence, but appeared to be strongly influenced by the level of 

urgency within the block and the passage of time, suggesting a direct 

link between striatal pathways and the urgency signal. Moreover, while 

the urgency signal is described as a signal modulating the gain of 

sensory evidence (Cisek et al., 2009; Thura & Cisek, 2017), it is 

believed that basal ganglia amplifies motor gain (Park et al., 2020; Yttri 

& Dudman, 2018). More precisely, the striatum involves two pathways: 

a direct pathway releasing the tonic inhibition on the upper motor 

neurons in motor areas and an indirect pathway modulating the 
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disinhibitory actions of this direct pathway (Mosher et al., 2021; 

Purves, 2001). Hence, the excitability of both direct and indirect 

pathways would influence the signal-to-noise ratio in motor neural 

activity (Duque et al., 2017; Vassiliadis et al., 2020; Wilhelm et al., 

2022; Yttri & Dudman, 2018). Increasing this ratio facilitates signal 

propagation (Greenhouse, 2022), expediting action selection by 

enhancing information flow from sensory areas. Simultaneously, it 

activates motor neurons and associated muscles, facilitating rapid 

execution while avoiding co-contractions (Bächinger et al., 2019; Mink, 

1996; Shin et al., 2007). Such mechanism may be thus responsible for 

the surround inhibition, a phenomenon observed in studies applying 

transcranial magnetic stimulation (TMS) during movement 

preparation, which has traditionally been associated with an increase 

in movement vigor (Dudman & Krakauer, 2016; Shadmehr et al., 2019; 

Wilhelm et al., 2022) but which has also recently been linked to an 

increase in decision urgency (Derosiere et al., 2022).  

 In our Chapter 1, the clear coregulation between decision and 

movement in experiment 1 became less evident when we explored the 

inverse relationship by manipulating movement speed in Experiment 

2. We did observe greater decision speed when subjects in the fast 

decision group performed fast movement blocks (compared to slow 

movement blocks). Yet, these changes in decision speed were not 

correlated to the block-related changes in movement speed. This lack 

of linear relationship could be attributed to subjects adopting a more 

cautious approach in this experiment, limiting the acceleration of 

decisions through the common invigoration mechanism. The use of a 

fixed number of trials instead of a fixed block duration constrained the 

potential for reward acquisition, prompting subjects to prioritize 

accuracy as well as speed (Heitz, 2014).  The idea that a “caution 

mechanism” can break the coregulation between decision making and 



 

126 
 

movement execution is supported by the results obtained on 

participants of the slow decision group in the same experiment. 

Indeed, while the task design clearly favored choice accuracy in this 

group, block-related changes in movement speed did not impact 

decision making here. Furthermore, consistent with Thura's team's 

findings (Reynaud et al., 2020; Saleri Lunazzi et al., 2021), the inter-

subject correlation between changes in decision and movement speed 

was negative. This implies that the emphasis on decision accuracy 

prompted this group to engage processes that maintained an 

appropriate level of accuracy despite the fact that switching from slow 

to fast movement blocks let to a joint invigoration of decision with 

movement speed. Hence, it is plausible that a cognitive control 

process intervenes, selectively shaping decision parameters in a goal-

directed manner, effectively "holding the horses" in response to the 

invigoration originating from the instruction to move fast. Interestingly, 

some studies showed a close link between the activity of the 

hyperdirect pathway from medial frontal cortex to subthalamic nucleus 

(STN) and an increase in selection threshold (Aron et al., 2016; Herz 

et al., 2017; Pote et al., 2016). Critically, while a modulation of the 

selection threshold is mathematically equivalent to a decrease in the 

starting point (Churchland et al., 2008; Ditterich, 2006; O’Connell et 

al., 2018), upper motor neurons appear to systematically reach the 

same level of activity at the moment of action selection (Murphy et al., 

2016a; Steinemann et al., 2018; Thura & Cisek, 2014). This suggests 

that the increase in the selection threshold by STN is actually induced 

by an inhibition of these neurons, resulting in a slowdown in decision 

making. In line with this idea, the hyperdirect pathway has been 

associated with a broad, non-specific inhibition in motor areas during 

conflict resolution and during action stopping (Aron et al., 2016; Duque 

et al., 2016; Klein et al., 2014; Frank et al., 2015; Mosher et al., 2021; 
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Neubert et al., 2010; Wessel et al., 2022). This effect would also be 

linked to a broad motor cortex suppression observed in past TMS 

studies, showing for instance reduced excitability in finger but also in 

leg muscles during cautious finger responses (Derosiere et al., 2022; 

Duque et al., 2017). 

Hence, the duration of decision making may be shaped by the 

interplay of several processes, with two key influences highlighted in 

Chapter 1. On the one hand, a global invigoration process generated 

by striatal pathways may accelerate decisions along with 

accompanying movements. On the other hand, a cognitive control 

process, originating at the level of the hyperdirect pathway of the basal 

ganglia, may introduce caution into our decision making, leading to 

delays. However, given that the STN is involved in both circuits, a 

crucial question arises: how could the hyperdirect pathway possibly 

slow down decision speed without affecting movement speed? While 

this specific question has not been directly addressed, there is some 

evidence in the literature that supports this hypothesis. First, Mosher 

et al (2021) showed a fine anatomical and functional segregation 

between cells of the indirect and hyperdirect pathways. Second, 

patients with Parkinson’s disease (PD) show greater difficulty than 

participants from the control group for inhibiting the initiation of action 

in stop signal task (Jahanshahi et al., 2015; Obeso et al., 2011a; 

Obeso et al., 2011b, see Hannah & Aron, 2021 for review). This result 

suggests a certain impulsivity in those patients (i.e., a lack of motor 

inhibition), which may seem counter-intuitive considering the motor 

slowing (bradykinesia) typical of PD. Interestingly, levodopa, which is 

a gold standard in the treatment of PD symptoms (LeWitt, 2015), does 

not improve motor inhibition in Parkinson's disease patients (Obeso et 

al., 2011b), which supports the idea of a dissociation between striatal 

and hyperdirect pathways. Nevertheless, despite their seemingly 
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distinct effects, we found a correlation with the UPPS score and 

changes in decision speed between fast and slow movements blocks 

in the slow decision group of Experiment 2. This implies a potential 

interaction between the two processes. While this correlation is only 

marginally significant, its presence suggests that individuals with 

higher impulsivity may struggle to decelerate their decision speed in 

fast movement blocks. In simpler terms, the invigoration mechanism 

might be associated with a specific impulse tied to the attraction for 

one action over another, and this impulse could be regulated by 

cognitive control. This observation holds significant implications, 

suggesting that motor impulsivity is not solely linked to an overactivity 

of striatal pathways but also stems from an underactivity of the 

hyperdirect tract. Consequently, only the interplay between these two 

processes, as observed in our study, could offer a more nuanced 

understanding of the deficiency in motor inhibition. This insight could 

potentially elucidate why previous studies failed to establish a 

correlation between impulsivity scores derived from questionnaires 

and movement speed (Reppert et al., 2015; Shadmehr et al., 2019).    

In conclusion, shedding light on these two processes refines our 

comprehension of action control and the challenges associated with 

motor inhibition. Despite the substantial insights gained from our 

behavioral study, it is essential to acknowledge that the proposed 

hypothesis remains speculative due to the absence of physiological 

data. Further research endeavors incorporating physiological 

measurements and investigations within clinical populations would be 

invaluable. Such studies hold the potential to provide a more 

comprehensive understanding of these distinct processes and their 

potential interactions, contributing significantly to the advancement of 

our knowledge in the realm of action control and motor inhibition. 
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5.3. Role of the arousal system in decision making 

In both chapters, the Tokens task placed a greater demand for 

precision on decision making compared to movement execution. 

Indeed, the movement was a flexion of an index finger that was either 

recorded by lasers (Chapter 1) or by a keyboard (Chapter 2), and 

therefore required little control in terms of accuracy. By contrast, 

decision making was more complicated since choice accuracy 

depended on token jumps (dynamic evidence). Therefore, most of 

attentional resources were probably directed toward processes 

controlling decisions.  This could explain why, in our studies, subjects 

tended to prioritize accuracy at the expense of time, as discussed 

earlier. Moreover, this could account for the increase in pupil dilation 

in the fast and slow decision blocks in the Experiment 1 of Chapter 1, 

indicating the recruitment of the arousal by both the global invigoration 

and the cognitive control processes. 

The increase in arousal in a high urgency context has been 

reported in several past studies (Gross & Dobbins, 2021; Murphy et 

al., 2016a; Reppert et al., 2015, 2023; Steinemann et al., 2018; Thura 

et al., 2014). Consistently, these studies showed that pupil is more 

dilated when subjects have to make fast decisions compared to slow 

ones (Gross & Dobbins, 2021; Murphy et al., 2016a; Reppert et al., 

2023; Steinemann et al., 2018).  Although the pupil size in our Chapter 

1 was not influenced by the type of block, we observed a positive 

correlation between the urgency signal and pupil dilation, indicating 

that higher urgency levels are associated with greater pupil dilation. 

Notably, increased pupil dilation has been linked to improved encoding 

of sensory evidence in the visual cortex (Steinemann et al., 2018), 

suggesting a key role for the arousal system in facilitating the influx of 

sensory information. Furthermore, there is evidence of increased 

saccade vigor in urgent contexts (Reppert et al., 2015; Thura et al., 
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2014), indicating a propensity for information seeking (Gottlieb et al., 

2014). Critically, in our Chapter 1, we interpreted the recruitment of the 

arousal system as an increase in sensory information gain at the 

decision level due to the increase in urgency in fast decision blocks. 

However, the role of such a recruitment remains unclear. Steinemann 

et al. (2018) suggested that it could reflect an increase in attention, 

enhancing information processing at the sensory level to limit the 

decrease in accuracy. Alternatively, it could simply be a phenomenon 

enabling subjects to be more sensitive at the decision level to the 

evidence present in the environment. In the first case, subjects would 

be performing better, shifting their speed-accuracy tradeoff (SAT) 

curve to the left (i.e., having higher accuracy for a same decision 

duration). In the second case, they would be changing their response 

strategy, sliding along their SAT curve to the left (i.e., making faster 

decisions at the expense of accuracy). Interestingly, the inverse 

efficiency score (IES) was significantly lower in fast decision blocks 

compared to slow decision blocks (20 ± 2.58 and 23.81 ± 1.11, 

respectively, t1,55 = - 10.725, p < 0.001, Cohen’s d = - 1.433). The IES, 

defined as the mean decision duration of correct choices divided by 

the percentage of correct choices (Liesefeld & Janczyk, 2019), 

indicated higher performance in fast decision blocks. While consistent 

with Steinemann's interpretation, it is important to note that the 

calculation of the IES might be influenced by our task design, which 

involved, here, different proportion of three trial types with evidence 

changing over time. In the future, it would be interesting to conduct 

similar analyses in a task with fewer biases related to trials (e.g., a task 

with one type of trial where the level of evidence is constant over time). 

Such a task would help to clarify the effect of pupillary dilation on the 

SAT curve. 
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The strategic recruitment of arousal to favor caution is less 

studied in the literature, but our findings in the different chapters 

provide some evidence in this direction. In Chapter 1, we found a 

greater pupil dilation in slow decision blocks relative to fast ones in 

ambiguous trials with the same decision duration. Moreover, the 

increase in pupil dilation in ambiguous trials of slow decision blocks 

was correlated with an increase in percentage of correct choices in this 

context suggesting strategic allocation of resources to promote 

accuracy. Although we did not measure pupil size in Chapter 2, the 

post-error slowing observed in the high urgency context went 

sometimes along with an increase in accuracy. This result also implies 

that the cognitive control mechanism can recruit attentional resources 

to improve the subject’s performance. This aligns with some studies 

suggesting a connection between the hyperdirect pathway of the basal 

ganglia and the locus coeruleus (Wessel, 2018; Xu et al., 2022). 

Specifically, Wessel's model proposed that the activation of the 

hyperdirect pathway facilitates the orientation of attention toward 

sensory information relevant to the task (Wessel, 2018). Xu et al. 

demonstrated that the activity of both the STN and the locus coeruleus 

correlates with the ability to slow down after the onset of a stop signal, 

indicating better capacity to cancel a motor command and likely better 

detection of the stopping signal as well (Xu et al., 2022). Critically, it is 

noteworthy that the post-error slowing observed in Chapter 2 was not 

always accompanied by an increase in accuracy. Indeed, the post-

error slowing led to an increase in accuracy when the error was made 

in a misleading trialn-1 only (there were no change in accuracy when 

the error was made in an ambiguous trialn-1). The result might be linked 

to the characteristic of the misleading trials. As a reminder, in these 

trials the tokens initially jump in the wrong circle before switching and 

jumping mainly in the correct one. The SumLogLR was positive at the 



 

132 
 

reaction time in misleading trialn-1, suggesting that subjects made their 

error when the evidence was still favoring the wrong circle. Therefore, 

the discrepancy between the evidence at the decision time (favoring 

the wrong circle) and the evidence at the end of the trial (favoring the 

correct circle) plays a crucial role in driving the subject's attention. 

Moreover, as post-error adjustments were exclusively measured in 

ambiguous trialn, the recruitment of the arousal system did not seem 

impacted by the immediate improvement possibility within the 

ambiguous trialn but rather by the potential for enhancement in the 

previous misleading trialn-1. This nuanced understanding of how the 

locus coeruleus responds to specific error types and the temporal 

dynamics of improvement possibilities adds depth to our 

comprehension of the neural mechanisms underlying adaptive 

decision making. It also underscores the complexity of the interplay 

between attentional processes and performance optimization in 

cognitive tasks. However, whether in our study or in the literature, the 

link between the arousal system and decision accuracy is only 

indirectly observed. In order to better understand the role of the 

arousal system in decision making, it is important to study its direct 

involvement in a causal manner by using stimulation techniques such 

as transcutaneous vagus nerve stimulation (Hilz, 2022). 

5. 4. Computation of the urgency signal 

My PhD project focused on understanding behavioral adaptations 

under urgency contexts, with a central concept being the urgency 

signal. This signal is derived from the distribution of decision durations 

and serves as a reflection of how participants adapt their decision 

policy to various task contexts. In Chapter 2, we faced data limitations, 

preventing us from modeling the urgency signal. Therefore, this 

section will concentrate on the results from Chapter 1. Sometimes 
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correlated with the movement speed sometimes not, this signal seems 

a faithful reflection of the different processes shaping decision speed, 

encompassing both the common invigoration and eventual cognitive 

mechanisms coming into play to optimize reward rate. More precisely, 

we found a correlation when context-dependent changes in decision 

speed led to clear changes in movement speed (Experiment 1). In fast 

decision blocks, where decision accuracy was less critical due to the 

opportunity provided by additional trials, the invigoration mechanism 

dominated over caution. Conversely, in slow decision blocks, where 

subjects prioritized accuracy, as discussed in the previous section 

(see the section 5.3. Role of arousal system in decision making), the 

cognitive mechanism likely took precedence over invigoration. This 

clear switch between predominant mechanisms might explain why a 

correlation between decisional urgency and movement speed was 

evident in this experiment. In Experiment 2, subjects appeared to 

prioritize both speed and accuracy, making the shift between the two 

mechanisms less obvious. The design of the study, limiting the 

possibility of obtaining rewards irrespective of block conditions, may 

contribute to this observation. So, even if the invigoration mechanism 

is activated by the execution of fast movement (in fast movement 

blocks), its effect could be diminished by the cognitive mechanism, 

ensuring a minimum of precision. As the last mechanism seems 

specific to decision making (see section 5.2. Neural substrates 

shaping urgency), its recruitment, in parallel with the recruitment of the 

common invigoration mechanism, may explain the lack of correlation 

between decisional urgency and movement speed in this experiment. 

It is noteworthy that, according to the literature, the urgency signal 

can be computed in various forms. While a linear function is the most 

common, some authors have explored alternatives such as polynomial 

functions (Derosiere et al., 2022; Murphy et al., 2016a; Standage et 
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al., 2011; Steinemann et al., 2018; Thura & Cisek, 2017). Interestingly, 

despite the differences in shape, these forms tend to work in similar 

ways. One contributing factor is the application of signal rectification, 

particularly when the signal is negative (the result of a negative 

intercept). This notion gained support through an additional analysis in 

Experiment 1. We compared the mean square error between data 

distributions of the model and actual data distributions (k-distance) 

across four models (not reported in the Chapter 1), each employing a 

different computation of the urgency signal: a linear urgency with a 

constant intercept set at 0, a rectified linear urgency with a negative 

intercept, a polynomial urgency, and an exponential urgency. To 

ensure equitable comparison between the linear urgency models, we 

measured the maximum distance between the intercept and the 

selection threshold in the rectified linear model (3.52) and sought the 

best fit with a threshold range between 1 and 4 for each subject in the 

urgency model with an intercept set to 0. On average, the k-distance 

was 0.167 ± 0.069 for the linear urgency model, 0.063 ± 0.014 for the 

rectified linear urgency model, 0.067 ± 0.018 for the exponential 

urgency model, and 0.076 ± 0.028 for the polynomial urgency model. 

Bayesian paired t-tests revealed that only the models with rectified 

linear and exponential urgency demonstrated an equivalent fit, 

displaying a lower k-distance than the other two models (see Table 1). 

While statistical tests indicated a significant difference between these 

two models and the polynomial one, the minimal difference in k-

distance (0.011 ± 0.026) suggests that these three models are, in 

practice, equivalent. 
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Table 1. Comparison of the fit between four versions of the urgency gating 

models. The table compares the ability to reproduce the real data distribution of the 

four urgency gating models with Bayesian paired t-tests on their mean square-error 

between data distributions of the model and the real data distributions. BF10 grades 

the strength of evidence for the alternative hypothesis against the null hypothesis. The 

error percentage (Error %) indicates the numeric robustness of the results, with low 

values of the Error % corresponding to a greater numerical stability of results. 

Significant differences are highlighted in bold and blue. 

 

While the k-distance analysis suggests comparable fitting abilities 

among models employing a rectified linear urgency signal, an 

exponential signal, and a polynomial one, we maintain that the rectified 

linear model distinctly captures the diverse mechanisms at play in 

decision making. Specifically, we can associate, to a certain degree, 

the parameters of the urgency signal (intercept and slope) with the 

invigoration and cognitive mechanisms. More precisely, the common 

invigoration mechanism is recognized for robustly elevating urgency 

right from the beginning of the deliberation phase, progressively 

intensifying over time (Cisek et al., 2009; Thura, 2020; Thura et al., 

2014). In contrast, the cognitive mechanism notably diminishes 

urgency levels at the onset of the deliberation phase, gradually 

reducing its impact to allow action selection. Therefore, a higher 

intercept signifies a greater predominance of invigoration, while a 

lower intercept, approaching negative values, indicates a greater 

predominance of caution. The urgency slope reflects the acceleration 

of decision making over time, a phenomenon influenced, at least in 

 Model comparison BF10 error% 

linear urgency vs rectified linear urgency  5.177 x1012 1.936 x10-15  

linear urgency vs exponential urgency 1.847 x1012 2.115 x10-14  

linear urgency vs polynomial urgency 3.266 x109 7.827 x10-16  

rectified linear urgency vs exponential urgency 0.529 0.036  

rectified linear urgency vs polynomial urgency 90.272 8.800 x10-9  

exponential urgency vs polynomial urgency 3.785 6.281 x10-7  
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part, by the temporal dynamics of the invigoration mechanism. To test 

this hypothesis, exploring how physiological data related to each 

mechanism correlates with the urgency signal parameters would be 

insightful. Such an investigation could provide a nuanced 

understanding of the distinct mechanisms influencing decision making.



6. General conclusion 
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In summary, our findings revealed a nuanced interplay among 

various mechanisms influencing both decision making and movement 

execution. Chapter 1 brought forth two key mechanisms: a common 

invigoration mechanism responsible for a natural coregulation 

between decision and movement speed, and a likely cognitive 

mechanism, decelerating decisions when the common invigoration 

mechanism is active but reward is tied to choice accuracy. Intriguingly, 

these mechanisms demonstrated a close relationship with the arousal 

system, evidenced by increased pupil dilation in both high and low 

urgency contexts. Chapter 2 underscored the prominence of the 

cognitive mechanism, with a post-error slowing in high urgency 

context. Notably, it proposed that the arousal system was solicited by 

this mechanism solely when there is a discrepancy between the 

evidence at the decision time and the evidence at the end of the trial. 

Consequently, both studies unveiled a consistent theme: 

behavioral adaptations align with a singular rule; to optimize the rate 

of reward. However, these observations prompt several intriguing 

questions: How effectively can we optimize our behavior? To what 

extent does the interplay between the common invigoration process 

and the cognitive process contribute to a refined understanding of 

impulsivity? What is the true involvement of the arousal system in 

decision making and to what degree does its recruitment by different 

processes signify distinct mechanisms? How does a comprehensive 

representation of the urgency signal aid in identifying the diverse 

mechanisms at play in decision making? These questions provide a 

fertile ground for further investigations, offering potential avenues to 

deepen our understanding of the intricate dynamics shaping human 

behavior in response to urgency.
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