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Abstract 

We continuously rely on our ability to make decisions about incoming sensory stimuli. 

However, these decisions are highly variable, showing differences in accuracy and response time even 

when based on identical information. Although this variability is often attributed to random noise, 

recent work suggests it may reflect systematic processes, such as fluctuations in engagement states. 

Pupil diameter has been implicated as an indicator of these fluctuations. Previous research has 

reported both linear and quadratic relationships between baseline pupil diameter and behavioral 

engagement, depending on task structure and analytical steps. The present study used a threefold 

approach to reproduce, replicate, and extend these findings by examining perceptual decision-making 

and its psychophysiological correlates during sustained attention in a trial-based task without breaks. 

Seventy-two participants (N = 72) completed a 32-minute (min/max: 26.22 - 41.71 minutes) self-

paced perceptual decision-making task in which they indicated which of two displayed stimuli had 

higher contrast. Participants were assigned to either a full-instructions condition (n = 35) or a 

minimal-instructions condition (n = 37). Behavioral and pupillary measures were analyzed as a 

function of time-on-task using linear and quadratic models. Across all participants, performance 

improved over time while pupil diameter decreased. No relationship between pupil diameter and 

performance was observed in the full-instructions condition. In contrast, the minimal-instructions 

condition showed a reliable inverted-U relationship between pupil diameter and response time 

metrics, which remained significant after accounting for time-on-task, and across time scales (p ≤ 

.001). These findings do not support a consistent linear relationship between arousal and performance. 

Instead, they indicate that performance might be optimized at intermediate levels of arousal, and that 

this relationship is not uniform. This suggests that arousal–performance dynamics in perceptual 

decision-making could be context-dependent and may differ with increased task demands. 

Keywords: perceptual decision-making, sustained attention, pupil diameter, replication, time-

on-task  
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Layman’s Abstract  

We constantly rely on our senses to make decisions - recognising our name being called across a noisy 

room (sound), noticing that the milk smells off (smell), or spotting the emptiest train compartment at a 

glance (vision). Even in simple, familiar situations like these, we sometimes make mistakes or slow 

down and the reasons for this are not fully understood. 

One explanation is that our levels of engagement naturally shift over time, affecting how well we 

perform. Pupil size offers a convenient window into these fluctuations - larger pupils reflect higher 

alertness and engagement.  

Previously, it was found that performance is best at moderate levels of engagement, with both too 

little and too much alertness leading to mistakes. This relationship, first characterized in 1908, is 

widely known as the Yerkes-Dodson law.  A recent study found evidence of it during a sustained 

attention task, and this thesis tested whether the same evidence can be found in a new context. 

Seventy-two participants completed a 32-minute task in which they judged which of two images on a 

screen appeared brighter. Thirty-five participants were given clear instructions from the start, while 

the others had to figure out the rules on their own. Their choices and pupil sizes were recorded 

throughout. 

Participants that knew the rules did not make worse decisions over time. In fact, their decisions 

improved, although their pupils got smaller. The same pattern was found for participants who had to 

figure out the rules by themselves. It was also noticed that their pupils were either very small or very 

large when their decisions were worse. 

These findings support the idea that performance is best at moderate levels of engagement, 

particularly under challenging conditions. More broadly, they highlight that our decisions are not 

driven by any single factor, such as time, task demands, or alertness. Instead, they are a product of an 

interplay of a wide range of factors. This means that improving human decision-making might not be 

so simple, and future research needs to combine all of these factors to anticipate dips in performance.  
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Tracking Behavioral and Physiological Dynamics in Sustained Perceptual Decisions 

Imagine standing in front of an apple stand at a bustling farmers’ market. After some wait, it 

is finally your turn. In front of you are hundreds of apples, each slightly different in color, size, and 

ripeness. As you scan each apple on the stand, you decide whether to put it in your bag or leave it 

behind. Each decision then turns into a classification issue, requiring you to categorize every apple as 

“good” or “bad” based on certain visual features. This situation is an example of perceptual decision-

making, a process that requires us to classify sensory information from the environment in order to 

select subsequent actions (Gold & Shadlen, 2007; Newsome et al., 1989; Sterzer, 2016; Summerfield 

& Blangero, 2017). 

While such classification may appear straightforward, errors can still occur. For instance, an 

apple judged as “good” at the market may later turn out to be unripe or spoiled. Perceptual decisions 

can vary, even when based on identical information or strong sensory evidence (Duffy et al., 2025; 

Urai, 2025). In low-stakes contexts, such as selecting fruit, the consequences of this variability are 

typically minor. At worst, you might have to go a day or two without an apple. However, in high-

stakes situations such as driving, even small fluctuations in perceptual decisions can have serious 

consequences. For example, a slight misjudgement of another vehicle’s distance may determine 

whether you brake in time or cause a collision. 

Despite the potentially serious consequences, fluctuations in perceptual decisions are common 

(Beck et al., 2012; Perquin et al., 2024). These fluctuations could be attributed to multiple sources, 

including external noise - that is, variability in the sensory environment itself (Beck et al., 2012; 

Ratcliff et al., 2018). For example, bright sunlight at a farmers’ market may make it difficult to 

distinguish apples that are light in color due to illumination from those that are light because they are 

not yet ripe. However, fluctuations in decision accuracy and timing are also consistently observed in 

controlled experimental settings, where external noise is minimized or constant (Awwad Shiekh 

Hasan et al., 2012; Beck et al., 2012; Drugowitsch et al., 2016; Duffy et al., 2025). For this reason, 

understanding variability in perceptual decision-making requires consideration of other potential 

sources and/or influencing factors. The following sections review classic and contemporary accounts 

of decision variability, discuss factors that influence it, and outline the rationale and objectives of the 

present study. 

Sources of Variability 

When making a decision, several elements are taken into account, including past experience 

(priors), current sensory information (evidence), and the consequences of the decision (value). Signal 

detection theory, one of the most influential frameworks in psychophysics, proposes that these 

components jointly contribute to a decision variable, which is then compared against a decision rule 

established based on task goals (e.g., choosing a ripe vs. spoiled apple; Gold & Shadlen, 2007; Green 

& Swets, 1966; Shadlen & Kiani, 2013). In signal detection theory, the sensory evidence that forms 

the decision variable is assumed to be noisy and this noise is considered the primary driver of 
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behavioral variability (i.e., differences in choices across identical trials). An extension of this is the 

sequential sampling framework, which does not rely on a single observation, but instead assumes that 

evidence is accumulated over time (Gold & Shadlen, 2007). Various models that incorporate both 

within-trial and between-trial variability have been developed within this framework (Duffy et al., 

2025; Ratcliff, 1978; Ratcliff et al., 2016; Urai, 2025). The parameters of these models are particularly 

useful for modeling behavioral variability, as they account for two key measures of decision 

variability: choice accuracy and response time (Figure 1). 

Figure 1 

Example of a Sequential Sampling Model 

Note. A. Illustration of the stimulus presentation for the task used in the present study. In each trial, 

participants were presented with two gratings on the screen and were required to indicate which one is 

of higher contrast. B. Schematic representation of the drift diffusion model for a single trial. The 

model assumes that binary decisions arise from the noisy accumulation of evidence over time (drift 

rate), depicted by the trajectory beginning at the starting point and terminating upon reaching a 

decision threshold (here, the subject decided “Right”). The moment at which the threshold is crossed 

defines the response time, which comprises both the evidence accumulation period and a non-decision 

time component (Mulder et al., 2012). In the illustrated trial, the upper threshold corresponds to the 

correct choice. The code to generate the model schematic is available on GitHub. 

However, these classic frameworks typically do not account for the across-trial temporal 

structure of decision-making, which can be defined as behavioral patterns correlated over time (Avitan 

& Stringer, 2022; Boehm et al., 2018; Urai, 2025). As a result, they do not capture systematic 

fluctuations in variability that may unfold over the course of a task. Recent work suggests that such 

fluctuations may reflect shifts in internal states or decision strategies (Bolkan et al., 2022; Gilden et 

al., 1995; Roy et al., 2021; Wagenmakers et al., 2004). Internal states are latent processes that 

influence the way the brain responds to sensory inputs and generates behavioral outputs, thereby 

shaping decision-making (Flavell et al., 2022). This conceptualization is consistent with broader 

accounts of brain state, which have been described as patterns of ongoing neural activity that emerge 

from and have consequences for physiology and behavior (Greene et al., 2023; Nienborg & 

https://github.com/soriclucija/decision-dynamics/blob/main/Visualization/Non-hypothesis/ddm_plot_example.py
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Cumming, 2009). Although the current literature lacks consensus regarding the number or defining 

features of such states, constructs such as engagement, emotion, motivation, arousal, and homeostatic 

needs (e.g., hunger and thirst) have been proposed as internal states (Ashwood et al., 2022; Flavell et 

al., 2022; McGinley et al., 2015). These brain states are regulated by neuromodulatory systems 

(Figure 2.A), such as the serotonergic, dopaminergic and locus coeruleus–norepinephrine (LC–NE) 

systems, that can act across cortical networks and over relatively long timescales (Flavell et al., 2013, 

2022; Grove et al., 2022; Grujic et al., 2024; Tsuda et al., 2026). Through this broad influence, 

neuromodulators play a central role in controlling internal states and their impact on behavior 

(McCormick et al., 2020). Their activity can be non-invasively tracked through pupillometry (Larsen 

& Waters, 2018), with pupil diameter linked to the LC–NE (Grujic et al., 2024; Joshi & Gold, 2020), 

serotonergic (Cazettes et al., 2021), and dopaminergic systems (Grove et al., 2022). 

Sustained Decisions 

Across both real-world and laboratory settings, perceptual decision-making tasks often 

require individuals to exert attentional control over prolonged periods, assuming the ability to 

maintain engagement and performance throughout (Fortenbaugh et al., 2017; Langner & Eickhoff, 

2013). This assumption, however, is challenged by evidence from both human and non-human 

populations. For example, mice have been shown to alternate between distinct behavioral states 

multiple times within a session, with lapses occurring predominantly during disengaged or biased 

states (Ashwood et al., 2022; Hulsey et al., 2024; Johnson et al., 2025). Similar fluctuations in 

performance have been observed in humans with increases in lapse rates, decreases in accuracy, and 

changes in response times (RTs) over the course of a task (van den Brink et al., 2016; Hopstaken et 

al., 2015a, 2015b). Together with task performance, pupil diameter has been identified as an external 

marker of internal states, capable of tracking fluctuations over time (van den Brink et al., 2016; 

Gilzenrat et al., 2010; Hulsey et al., 2024; Jepma & Nieuwenhuis, 2011; McCormick et al., 2020; 

Murphy et al., 2014). It is most commonly used as an index of arousal that reflects mental effort 

needed to allocate attentional resources to the task at hand (Alnaes et al., 2014; Bruya & Tang, 2018; 

Grujic et al., 2024; Kahneman & Beatty, 1966). Other constructs such as mental fatigue and vigilance 

have also been associated with fluctuations in pupil diameter (Hopstaken et al., 2015a, 2015b; Martin 

et al., 2022); however, these constructs are often used interchangeably in the literature and likely 

reflect similar underlying processes (Oken et al., 2006). 

Pupillary dynamics have most commonly, but not exclusively, been linked to the 

neuromodulatory activity of the LC–NE system in both human and non-human mammals (Figure 1.A; 

Grujic et al., 2024; Joshi & Gold, 2020). Neural activity during LC stimulation has been related to 

changes in pupil diameter in rhesus monkeys (Joshi et al., 2016), and in mice (Reimer et al., 2016). In 

humans, converging evidence from neuroimaging and electrophysiology further supports this link: 

BOLD activity in the LC has been correlated with pupil dilation during tasks requiring increased 

mental effort, in both non-concurrent and concurrent pupillometry-fMRI designs (Alnaes et al., 2014; 
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Murphy et al., 2014). Pupil diameter has also been related to EEG markers of attentional state, such as 

the alpha-band amplitude and the P3 during decision-making, suggesting that momentary shifts in 

attentional engagement can be captured through pupillometry and electrophysiology (Hong et al., 

2014; Montefusco-Siegmund et al., 2022; Murphy et al., 2011; Nieuwenhuis et al., 2005). Together, 

these findings suggest the potential of pupil diameter as a non-invasive, temporally sensitive index of 

LC–NE activity and arousal. 

Figure 2 

Some Neuromodulatory Systems that Control Internal States and the Yerkes-Dodson Law 

Note. A. The locus coeruleus is a small nucleus (dark blue), located in the pons of the brainstem (light 

blue). It is the brain’s primary source of the neurotransmitter norepinephrine, projecting widely across 

the cortex. The LC-NE system is crucial in regulating the arousal state (Aston-Jones & Cohen, 2005; 

Aston-Jones & Waterhouse, 2016; Breton-Provencher et al., 2021). Raphe nuclei (dark red) contain 

the majority of serotonergic cells and are located in the brainstem (light blue). Serotonergic 

projections are also widespread across the brain (Charnay & Leger, 2010). Dopamine is synthesized at 

various locations and projects across several pathways (yellow), such as the mesocortical, mesolimbic 

and nigrostriatal pathway (Klein et al., 2019). Created with BioRender. B. The Yerkes-Dodson law 

describing the relationship between performance and arousal, where arousal refers to an organism’s 

level of responsivity to sensory stimuli (Pfaff et al., 2012). 

Arousal across Time 

Despite the potential of pupil diameter as an observable proxy of LC–NE activity, prior 

research reports conflicting findings regarding its relationship with performance during sustained 

attention. A commonly examined pupillary measure is the baseline pupil diameter, defined as pupil 

size prior to trial onset (e.g., during a fixation period), which reflects tonic, resting-state arousal 

(Aston-Jones & Cohen, 2005; Ayasse & Wingfield, 2020; Gilzenrat et al., 2010; Grujic et al., 2024). 

In mice, baseline pupil size has been shown to predict internal states and transitions between them, 

with both relatively small and relatively large baseline values associated with a higher probability of 
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disengagement (Hulsey et al., 2024; Johnson et al., 2025; Yerkes & Dodson, 1908). A similar pattern 

has been observed in humans where periods of disengagement have been linked to both larger 

(Murphy et al., 2014; Smallwood et al., 2011; Unsworth & Robison, 2016), and smaller baseline pupil 

diameter (Grandchamp et al., 2014; Hopstaken et al., 2015). Furthermore, sub-optimal task 

performance has been associated with both relatively small and relatively large baseline pupil sizes in 

some studies (Beerendonk et al., 2024; Murphy et al., 2011; van den Brink et al., 2016). 

The literature thus reports contradictory findings regarding the relationship between baseline 

pupil diameter and task performance. Van den Brink et al. (2016) suggested that these inconsistencies 

may stem from the concealing effects of time-on-task, which could be masking a more complex 

relationship between baseline pupil diameter and performance. In the context of perceptual decision-

making tasks, time-on-task effects refer to the linear changes in performance and physiological 

measures over time that occur during prolonged task engagement, often attributed to reductions in 

vigilance (McLaughlin et al., 2023; Warm et al., 2008). Consistent with this account, baseline pupil 

diameter has been shown to decrease across task blocks (Pielage et al., 2021; Unsworth & Robison, 

2016). However, linear increases in pupil diameter during prolonged task engagement have also been 

reported (Murphy et al., 2011), and some studies have observed performance decline without 

corresponding changes in baseline pupil size (Beatty, 1982a, 1982b; Hopstaken et al., 2015a). These 

discrepancies may partly reflect differences in experimental design, which has been shown to 

moderate the relationship between time-on-task and the baseline diameter. For example, the inclusion 

of breaks between task blocks (McLaughlin et al., 2023) or reward manipulations (Hopstaken et al., 

2015a, 2015b) has been found to alter tonic pupil activity, thereby influencing time-related changes. 

Critically, when time-on-task was statistically controlled in studies without such experimental 

manipulations, the association between baseline pupil diameter and task performance was no longer 

linear but quadratic (van den Brink et al., 2016). This non-linear pattern is consistent with the Yerkes-

Dodson law (Yerkes & Dodson, 1908), which describes performance as an inverted-U-shaped 

function of arousal (Hebb, 1955), with optimal performance at intermediate levels of arousal (Figure 

2.B). It is also in line with the adaptive gain theory of LC–NE function which attributes this quadratic 

relationship to neuromodulatory dynamics within the system (Aston-Jones & Cohen, 2005). 

According to this framework, performance is poor at low tonic LC activity due to reduced alertness 

and at high tonic activity due to increased distractibility, but optimal at intermediate tonic levels when 

coupled with phasic LC responses to target stimuli (Aston-Jones et al., 1999; Aston-Jones & Cohen, 

2005). Such relationship has been observed across species. In mice, performance in an auditory signal 

detection task was best at intermediate levels of arousal, as indexed by baseline pupil diameter 

(McGinley et al., 2015). Similarly, in a study examining internal states, mice showed the highest 

probability of being in an engaged state at moderate pupil diameters (Hulsey et al., 2024). In humans, 

the relationship between pupil-indexed arousal and task engagement has been observed in studies 
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examining the P3 event-related potential (Murphy et al., 2011), cortical spectral power (Podvalny et 

al., 2021) and behavioral performance (Beerendonk et al., 2024; van den Brink et al., 2016). 

Current Study 

Table 1 

Comparison of the Paradigms Used by van den Brink et al. (2016) and the Present Study 

 Gradual Continuous Performance 
van den Brink et al. (2016) 

Visual Decision-Making (Human IBL) 
Enwereuzor et al. (2024) 

Task structure 3 blocks x 8 minutes 1 block (~32.4 min average) 

5-minute break between blocks No breaks 

600 trials 600 trials 

Continuous task Separated trials with fixation 

Stimuli One stimulus at a time (detection) Two stimuli simultaneously (discrimination) 

Stable stimulus contrast Changing stimulus contrast 

Constant target location Target location probability shifts every 20-
100 trials 

Conditions Single condition Two conditions: full vs. minimal instructions 

Participants N = 28 N = 72 (nfull = 35, nmin = 37) 

Right-handed only Right- and left-handed 

Hardware EyeLink 1000 EyeLink 1000 

1000 Hz sampling rate 500 Hz sampling rate 

Analysis All trials included Trials without contrast differences excluded 

Measures averaged per block Single measure per participant 

40-second window (50 trials) 2.7-minute window (50 trials) 

MATLAB Python 

Note. The visual decision-making task used in the current study was designed to resemble the original 

mouse task as closely as possible. The main difference was that whereas mice indicated the spatial 

location of a single stimulus, humans identified which of two stimuli had higher contrast. The human 

task included two instruction conditions: a minimal condition, resembling the mouse experience (as 

mice always learn without instructions), and a full condition, more typical of human psychophysics 

tasks, allowing for comparison of behavioral differences between conditions. 

A large body of evidence demonstrates that fluctuations in decision-making are common and 

may reflect systematic processes, such as changes in internal states (Ashwood et al., 2022; Bolkan et 

al., 2022; Duffy et al., 2025; Flavell et al., 2022; Gilden et al., 1995; Greene et al., 2023; McCormick 

et al., 2020; McGinley et al., 2015; Nienborg & Cumming, 2009; Roy et al., 2021; Urai, 2026; 

Wagenmakers et al., 2004). Given the ubiquity of such variability and its potential consequences, 

considerable research has focused on identifying the factors that drive fluctuations in decision-making 

and understanding the mechanisms through which they operate. While previous studies have 

suggested general principles, such as the inverted-U-shaped relationship between arousal and 

performance (Beerendonk et al., 2024; van den Brink et al., 2016), the robustness of this relationship 

across task contexts remains unclear (Nieuwenhuis, 2024). In particular, relatively little work has 

examined whether findings linking baseline pupil diameter to task performance can be replicated 
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across paradigms. To address this gap, I adopted a threefold approach to examine whether the findings 

by van den Brink et al. (2016) generalize to a different context (Bouter & Riet, 2021). First, I 

conducted a computational reproduction of the original findings, which refers to the assessment of the 

reliability of findings using the same methods and data (Parsons et al., 2022). The primary purpose of 

this step was to assess the validity of the analysis code developed for the subsequent replication. 

Second, I performed a conceptual replication by applying similar analytical procedures to a different 

experimental paradigm designed to study task engagement (Nosek et al., 2022). Finally, I extended 

this replication by exploring the relationship between behavior and pupil diameter using additional 

performance measures and experimental manipulations. 

Whereas van den Brink et al. (2016) employed a continuous performance task consisting of 8-

minute blocks separated by 5-minute breaks, the present study used a trial-based perceptual decision-

making task without breaks, lasting on average 32 minutes. A full overview of the differences between 

the two designs is provided in Table 1. The task used in this study was developed as a human version 

of a standardized and reproducible perceptual-decision making task for mice (The International Brain 

Laboratory et al., 2021), which has been administered across a large number of mice and laboratories. 

This human adaptation enables direct cross-species comparisons of decision-making dynamics in 

humans and mice, and may provide a standardized measure of task engagement in humans. More 

broadly, this work is motivated by the growing emphasis on replication research in psychological 

science, which has been shown to promote positive structural and community changes within the field 

(Korbmacher et al., 2023; Nosek et al., 2022). 

Building on the findings reported by van den Brink et al. (2016), I examined how time-on-

task influences behavioral performance and baseline pupil diameter during sustained perceptual 

decision-making. Although van den Brink et al. (2016) did not explicitly state formal hypotheses, their 

expectations were outlined prior to the analyses. Based on these expectations, I tested the following 

hypotheses:  

Hypothesis 1. Performance will decline over the course of the task. Specifically, participants 

will show an increased number of misses, and longer and more variable response times as time-on-

task increases.  

Hypothesis 2. Baseline pupil diameter will change over the course of the task, reflecting time-

on-task effects.  

Hypothesis 3. Baseline pupil diameter will initially show a linear relationship with 

performance in either direction. However, when controlling for time-on-task, this relationship will no 

longer be linear and a quadratic relationship will emerge. 

In addition to testing these hypotheses, the design of the present study allows for exploratory 

analyses examining other factors that may influence decision-making during sustained attention. 

Specifically, the study employs a between-subjects design in which participants are randomly 

assigned to one of two conditions that differ in the level of provided instruction. In the full-
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instructions condition, participants receive detailed instructions that clearly specify the task objective. 

In the minimal-instructions condition, participants are given essential information only (i.e., how to 

interact with the game, stating that the objective is to learn the rules by playing). This manipulation 

offers an opportunity to explore how differences in task understanding may influence behavior and 

physiology during sustained decision-making. 

Methods 

Reproduction 

Design of the Original Study 

In their study, van den Brink et al. (2016) used a modified version of the gradual continuous 

performance task. Participants (N = 28, M(age) = 20.9; SD = 2.5; min/max: 18–26; 6 male) were 

required to press the space bar upon detecting images of cities and to withhold responses when 

presented with images of mountains. Stimuli were presented continuously without breaks, 

transitioning between one another through morphing. Participants completed three blocks of 600 

trials, with each block lasting approximately 8 minutes, separated by mandatory 5-minute rest periods. 

For a full description of the task, see van den Brink et al. (2016). 

Data and Code Availability 

A computational reproduction of the statistical results reported by van den Brink et al. (2016) 

was conducted in order to verify the validity of the developed code (Krafczyk et al., 2021). Although 

the original dataset has been made publicly available (van den Brink et al., 2017), the original source 

code was not. The analytical pipeline described in the original paper was therefore reconstructed in 

Python rather than the original MATLAB, allowing an assessment of the reproducibility of the 

reported findings. Reproducibility was assessed using the shared pre-processed dataset, which 

contained window-averaged values for each measure across three blocks per participant. These were 

subsequently block-averaged as reported in the original study. It was unclear from the pre-processed 

dataset whether the measures had been z-scored prior to sharing. 

Replication on Novel Dataset 

Participants 

A total of 96 individuals participated in the study. The final sample size was determined 

following data quality screening of the recorded experimental sessions. Specifically, pilot sessions, 

sessions affected by technical errors, early terminations, sessions with unusually long durations, and 

duplicate participation were excluded from the analyses. A detailed overview of the data inclusion 

criteria is provided in Appendix A. 

After applying these criteria, the final sample consisted of 72 participants (M(age) = 19.93; 

SD = 3.26; min/max: 18–35; 11 male, 1 non-binary). Most participants were right handed (N = 63). 

All participants provided informed consent prior to participation and reported being healthy adults 

with normal or corrected-to-normal vision and no current psychiatric, neurological, or psychological 
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disorders, thus meeting the inclusion criteria reported in the ethics application. (reference number 

2024-03-12-A.E.Urai-V1-5358). 

The study by van den Brink et al. (2016) did not report effect sizes. However, converting the 

reported t-statistic (t(27) = 1.99) to Cohen’s d using Equation 7 from Lakens (2013) yields an effect 

size of d
z
 = 0.38, indicating a small-to-medium effect. A total sample size of 72 participants (35 and 

37 per group) should therefore provide sufficient power to detect an effect of a similar magnitude. 

Visual Decision-Making Task 

The visual decision-making task used in the present study was developed by Enwereuzor et 

al. (2024) and administered using PsychoPy 2024.1.4 (Peirce et al., 2019). The task was adapted from 

a paradigm designed to study decision-making in mice (International Brain Laboratory et al., 2021). It 

was developed as part of a larger cross-species project comparing human behavioral, physiological, 

and neural data with archival mouse data. In the present study, the task difficulty was modified to 

enable valid cross-species comparison while avoiding ceiling performance and accounting for 

superior visual acuity in humans (Prusky & Douglas, 2004; Schnabel et al., 2021). Whereas mice 

were required to indicate the spatial location of a single stimulus (left or right), the human version 

required participants to identify which of two simultaneously presented stimuli was of higher contrast 

(Figure 3.A). 

Figure 3 

Overview of the Set-up, Trial Structure, and Task Structure 

 

Note. A. Experimental set-up. Participants were seated at a standardized distance from the monitor 

and the eye-tracker, and were instructed to fixate their eyes on the fixation cross. Illustration generated 

with assistance of GPT Image 2.0. B. Example of a trial with the target stimulus on the left. C. 

Schematic overview of the experimental procedure.  

Experimental conditions. Prior to starting the task, participants were randomly assigned to 

one of the two between-subjects conditions: a full-instructions condition (n = 35), and a minimal-

instructions (n = 37) condition. Participants in the full-instructions condition received detailed written 

instructions, example stimuli, and completed five practice trials. Participants in the minimal-

instructions condition received only the information necessary to perform the task (e.g., how to 
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respond). The instruction texts are provided in Appendix B. The two condition groups did not differ in 

gender distribution (2 (2, N = 72) = 1.10, p = .576), nor the mean age (t(70) = 0.69, p = .492). The 

group-wise distribution of demographic variables can be found in Appendix C. 

Stimuli. On each trial, participants were presented with two Gabor patches (gratings) 

displayed simultaneously on the screen, one to the left (-618, 0) and one to the right (618, 0) of a 

central fixation cross. The size of the gratings was 618 x 618 pixels. The gratings were of sinusoidal 

wave embedded in a Gaussian envelope, with a spatial phase randomly generated on each trial, so that 

the sinusoidal pattern appeared in a different position across trials. Spatial frequency was held 

constant at 0.0073 cycles per pixel. The target stimulus was defined as the grating with higher 

contrast. Target contrast levels ranged non-linearly from 0.50 to 0.70 (0.50, 0.52, 0.55, 0.60, 0.70), 

while the non-target stimulus always had a contrast of 0.50. A red fixation cross was displayed at the 

center of the screen (0, 0) throughout the experiment. 

Trial structure. Each trial began with a fixation period lasting between 0.4 and 0.7 seconds. 

Stimulus onset was accompanied by a brief auditory cue (0.1s, 5000 Hz). Following stimulus 

presentation, participants indicated their choice by sliding a grating to the center of the screen using 

the cursor. A response was registered once the center of the selected grating reached the center of the 

screen, or the equivalent distance off the screen. Participants had up to 10 seconds to respond. If no 

response was made within this time window, the trial was classified as a timeout. Timeouts were 

followed by a 0.5s low-pitched tone (567 Hz). Correct responses (selection of the higher-contrast 

grating) were followed by a 0.2s high-pitched tone (2000 Hz). Incorrect responses triggered a 0.5s 

white-noise burst and timeouts triggered a 0.1s feedback sound (200 Hz). Incorrect responses and 

timeouts were followed by a 1s inter-trial penalty. Figure 3.B shows an illustration of the trial 

structure. 

Task structure. The experimental task consisted of 600 trials. During the first 90 trials, the 

target stimulus appeared on the left or right with equal probability (50%). In the remaining 510 trials, 

the target stimulus appeared on the left or the right with either 20% or 80% probability, depending on 

a pre-generated sequence. This structure follows the design of the original task in mice (International 

Brain Laboratory et al., 2021). A schematic overview of the task structure can be found in Figure 3.C. 

The task was self-paced and lasted on average 32.40 minutes across the full sample (min/max: 26.22–

41.71 minutes). Participants in the full-instructions condition completed the task slightly faster (M = 

31.79 minutes, min/max: 26.22–40.29) than those in the minimal instructions-condition (M = 32.99, 

min/max: 26.30–41.71). This difference, however, was not statistically significant (t(70) = 1.23, p = 

.224). 

Performance measures. The primary measure of performance was lapses of attention, 

operationalized as false alarms. In the present study, false alarms were defined as trials in which 

participants made a perceptual error by selecting the grating with lower contrast. In line with van den 

Brink et al. (2016), additional measures of task performance were included: (1) mean RT, (2) the 
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proportion of trials falling within the slowest quintile of RTs, and (3) the response time coefficient of 

variation (RTCV), calculated as the standard deviation of RT divided by the mean RT. Prior to 

computing these measures, a sliding-window approach was applied to each participant’s behavioral 

data. Specifically, a window of 50 trials was moved across the dataset in steps of 15 trials, resulting in 

37 overlapping windows. A schematic overview of the sliding-window approach can be found in 

Appendix D. For each window, the following metrics were calculated: (1) the proportion of false 

alarms, (2) the mean RT, (3) the proportion of trials within the slowest RT quintile (relative to each 

participant’s RT distribution), and (4) RTCV, computed as the standard deviation of RT within the 

window divided by the participant’s overall mean RT. This procedure yielded continuous time series 

of performance metrics, which were subsequently standardized (Z-scored). 

Pupillometry 

During the visual decision-making task, participants’ pupil activity was recorded using an SR 

Research EyeLink 1000 eye-tracker. Monocular recordings of the right eye were acquired using a 35 

mm camera lens in pupil-CR tracking mode at a sampling rate of 500 Hz. Participants’ head position 

was stabilized using a chinrest without a forehead rest (Figure 3.A). Prior to the experiment, the eye-

tracker was calibrated using a standard 9-point calibration procedure, followed by validation. 

Communication between PsychoPy and the eye-tracker was established using the EyeLink plugin for 

PsychoPy. 

Pre-processing. Pupil data were pre-processed by Johnson et al. (2026) using MNE-Python. 

The raw data contained periods of missing signal automatically flagged by SR Research’s blink 

detection algorithm. A secondary algorithm was then applied to identify additional moments of low 

signal based on detecting sharp changes in pupil size. All flagged periods were interpolated, and the 

continuous signal was subsequently bandpass filtered (0.01 - 10 Hz). Finally, a linear regression was 

used to remove pupil variance associated with blinks and saccades resulting in a continuous pupil time 

series. For the present study, the pre-processed signal was segmented using event markers sent to the 

EyeLink system during task acquisition. For each trial, I extracted the average of the pupil diameter 

recorded during the fixation phase. There were no trials in which a blink occurred throughout the 

entire fixation period, therefore no trials were excluded. 

Pupillary measures. Prior to computing pupillary measures, a sliding-window approach 

identical to the one used for the behavioral data was applied to the trial-averaged pupil time series. 

Specifically, a window of 50 trials was moved across the data in steps of 15 trials, resulting in 37 

overlapping windows. For each window, two measures were calculated: (1) the mean baseline pupil 

diameter, and (2) the mean temporal derivative of the baseline pupil diameter, reflecting the rate of 

change in pupil size (i.e., pupil constriction or dilation) within the window. Negative values of this 

derivative indicate that the pupil was, on average, constricting during the window, whereas positive 

values indicate dilation. The resulting pupillary time series were continuous, matched the length of the 

behavioral data, and were subsequently Z-scored. 
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Procedure 

Upon arrival at the laboratory, participants received written and verbal information about the 

study, including an overview of the procedure and experimental design, eligibility criteria, 

compensation, confidentiality provisions, and contact details for further inquiries. All participants 

provided written informed consent prior to participation and were reminded of the voluntary nature of 

their participation. Participants were then seated in a dimly lit room, and were instructed to rest their 

chin on a chinrest. The video camera was activated and the EyeLink 1000 Plus eye-tracking system 

was calibrated and validated. Before beginning the experimental task, participants reported their age, 

gender, and handedness. They were subsequently randomly assigned to one of two experimental 

conditions. Depending on the assigned condition, participants received either full or minimal task 

instructions. Participants in the full-instruction condition additionally completed five practice trials to 

familiarize themselves with the task. Following the practice trials (if applicable), participants 

completed the main experimental task, which lasted on average 32.4 minutes (26.22–41.71 minutes) 

and consisted of 600 trials. In each trial, participants chose between two visual gratings presented on 

the screen that varied in contrast by sliding one to the middle of the screen using a mouse. After 

completing the task, participants answered a brief set of questions regarding their experience and were 

debriefed. Compensation was provided at the end of the session in the form of either SONA credits (2 

credits) or monetary payment (€7.50). If participation exceeded the scheduled duration of 60 minutes, 

additional compensation was provided in accordance with CEP guidelines. The study protocol, 

including the procedure described above, was approved by the Psychology Research Ethics 

Committee of the Institute of Psychology on 12 March 2024. 

Statistical Analyses 

Behavioral data preprocessing was conducted in R 4.5.1, while pupil preprocessing and all 

subsequent analyses were performed in Python 3.13 (versions 3.13.5 and 3.13.9, depending on library 

requirements), using libraries including NumPy, Pandas, and Matplotlib, among others. A complete 

list of dependencies, along with all analysis code, is available on GitHub. 

The analysis pipeline follows the approach described by van den Brink et al. (2016), whereby 

analyses were conducted at the participant level with trial-level measures aggregated per participant 

for group-level analyses. The first hypothesis predicted performance decrements over time, 

specifically an increased number of lapses, slower and more variable RTs. To test this, one-tailed t-

tests were used to assess whether the slopes of fitted regression lines showed significant increases 

over the course of the task. The second hypothesis predicted systematic changes in pupil diameter 

over time and was evaluated using two-tailed t-tests. The third hypothesis predicted a quadratic 

relationship between performance metrics and pupillary measures after controlling for time on task. 

This was examined by comparing the distribution of regression coefficients against zero, using one-

tailed t-tests for baseline pupil diameter and two-tailed t-tests for the pupil diameter derivative. 

https://github.com/soriclucija/decision-dynamics
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For the reproduction and replication analyses, one-sample t-tests were used unless otherwise 

specified, consistent with van den Brink et al. (2016). Exploratory analyses comparing means across 

the two experimental conditions employed Welch's t-test, given the skewed distributions of RTs and 

unequal group sizes. The exploratory analyses proceed in two directions: one applies the same 

pipeline as van den Brink et al. (2016) to the minimal-instructions condition, while the other directly 

compares performance measures between the two conditions.  

Given the multiple comparisons conducted within each hypothesis of the replication analyses, 

p-values were corrected for false discovery rate using the Benjamini-Hochberg procedure (Benjamini 

& Hochberg, 1995), applied separately within each hypothesis family. This correction was also 

applied to the exploratory analyses. No correction was applied for the reproduction analyses, as none 

was used in the original study. For all analyses, a p-value of 0.05 was considered statistically 

significant. In the figures below, significance levels are denoted as * p < 0.05; ** p < 0.01; *** p < 

0.001. 

Reproduction Results 

Pre-processed time series were Z-scored for each participant and block, after which a straight 

line was fitted to each series. The slopes of the fitted lines indicated whether the time series was 

changing over time. These slopes were subsequently averaged across blocks per participant. Using 

this approach, the time-on-task effects on behavioral and pupillary measures were precisely 

reproduced, with test statistics identical to those reported in the original study (Figure 4). This also 

applied to the relationships between behavioral and pupillary measures prior to controlling for time-

on-task. The time-controlled outcomes, however, diverged from the original findings. Using the ±15% 

(test statistics) and ±0.05 (p-value) criterion (Miske et al., 2026), quadratic effects of baseline 

diameter were approximately reproduced for false alarm rate and RTCV, but not for mean RT or the 

slowest quintile. For linear effects of the diameter derivative, relationships with the slowest quintile 

and RTCV were approximately reproduced, whereas those with false alarm rate and mean RT were 

not. A full overview of the differences is provided in Table 2. 

The failure to reproduce certain findings likely reflects a process reproducibility failure, 

which occurs when the results cannot be repeated due to the absence of shared code or the information 

needed to reconstruct it (Nosek et al., 2022). This means that it was not possible to verify all of the 

findings by van den Brink et al. (2016). Nevertheless, the successful reproduction of performance 

decline and pupillary changes over time suggests that the Python-based analytical pipeline closely 

approximates large parts of the original approach. As the design of the replication study was different 

from the design of the original study, parts of the code (such as block averaging) were adapted to take 

into account these differences. Given that the replication study differed in design from the original, 

some aspects of the code were adapted accordingly. Overall, the reproduction did not provide reason 

to abandon the analysis plan developed for the replication, which was its primary purpose. 

 



DYNAMICS IN PERCEPTUAL DECISIONS  16 

 

Figure 4 

Reproduction of the Behavioral and Pupil Results by van den Brink et al. (2016) 

Note. “Start” indicates first window (0 minutes), and “End” the final window (36th window; 8 

minutes). Behavioral measures appear to be centered within the available dataset. All measures 

significantly changed over time in the reproduction. A. False alarm rate: t(27) = 1.74, p = .047. B. 

Slowest quintile: t(27) = 3.31, p = .001. C. Mean RT: t(27) = 2.49, p = .010. D. RTCV: t(27) = 3.06, p 

= .003. E. Baseline pupil diameter decreased over time (t(27) = -8.10, p < .001). F. The pupil diameter 

derivative showed a shift from initial constriction to increasing dilation over time (t(27) = 4.34, p < 

.001). G. Behavioral results reprinted from the original paper © 2016 van den Brink et al. H. 

Pupillary results reprinted from the original paper © 2016 van den Brink et al. 
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Table 2 

Overview of Original (van den Brink et al., 2016) and Reproduced Relationships between Pupillary 

and Behavioral Measures after Controlling for Time-on-task 

Measure 
t p 

Reproduced 
Original Reproduction Original Reproduction 

Quadratic (baseline pupil diameter)    

 Lapse rate 1.99 2.11 .028 .022 Approximately 

 Mean RT 2.06 1.52 .025 .070 No 

 Slowest quintile 1.45 3.36 .080 .001 No 

 RTCV 2.79 2.62 .005 .007 Approximately 

Linear (pupil diameter derivative)   

 Lapse rate 3.09 4.11 .005 < .001 No 

 Mean RT 0.93 1.33 .360 .196 No 

 Slowest quintile 2.13 2.47 .041 .020 Approximately 

  RTCV 3.07 2.65 .005 .013 Approximately 

Note. RT = response time; RTCV = response time coefficient of variation. Linear relationships with 

baseline pupil diameter are not reported, as they were not significant in either of the analyses. Bold p-

values indicate statistical significance at p < .05. 

Replication Results 

Performance Differs across Instruction Conditions 

Prior to hypothesis testing, psychometric curves (Figure 5.E) were fitted to unsegmented 

choice data to explore performance across the two instruction conditions (Figure 5.A-C). Lapse rates 

differed significantly between conditions, whereas the slope (t(70) = 1.11, p = .273) and the response 

bias did not (t(70) = 0.96, p = .343). These results suggest that the differences in lapse rates cannot be 

attributed to differences in perceptual processing or systematic choice preferences.  

Response time distribution showed a rightward skew (Figure 5.F), consistent with the pattern 

typically observed in cognitive tasks. Overall mean RT was 1.289s (SD = 0.991). Participants in the 

minimal instructions condition responded at or below this mean on 63.9% of trials, compared to 

70.3% in the full instructions condition. Mean RT was slightly longer in the minimal instructions 

condition (M = 1.376s, SD = 1.155) than in the full instructions condition (M = 1.198s, SD = 0.773). 

To examine how RTs varied across contrast levels, chronometric curves were fitted to the median RT 

data for each condition separately (Figure 5.G). Two repeated-measures ANOVAs confirmed that RTs 

differed significantly across contrast values in both groups (minimal instructions: F(8,288) = 16.99, p 

< .001; full instructions: F(8,288) = 47.27, p < .001). 

Trials without a recorded response within the time limit were excluded from RT analyses. 

Fewer than 1% of trials timed out (269 trials, 0.06%), with most occurring in the minimal instructions 

condition (263 trials, 1.18% of that group's trials) compared to the full instructions condition (6 trials, 

0.03%). Consistent with van den Brink et al. (2016), who reported a comparable miss rate of 0.2%, 
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timed-out trials were not included in hypothesis testing. The difference in time-out rates between the 

two conditions can be found in Figure 5.D. 

Figure 5 

Exploratory Performance Metrics across Experimental Conditions 

Note. A. Average psychometric curve across participants for each experimental condition. Circles 

indicate mean performance; error bars represent the standard error of the mean (SEM = SD of 

individual psychometric curves / √N). The x-axis shows signed contrast values, which reflect both the 

location and contrast difference of the target stimulus. Negative values indicate that the target 

appeared on the left, and positive values indicate that it appeared on the right. The absolute value of 

each signed contrast reflects the numerical difference in contrast between the target and non-target 

stimulus. For example, a value of -0.1 indicates that the target was presented on the left at a contrast 

of 0.60, while the non-target was presented on the right at a contrast of 0.50. B. Lapse rates on easy 

trials with a left-target stimulus, compared between the two conditions (t(70) = 5.35, p < .001). C. 

Lapse rates on easy trials with a right-target stimulus, compared between the conditions (t(70) = 5.20, 
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p < .001). The psychometric lapse rate captures the proportion of errors on easy trials and is modeled 

independently from errors on ambiguous trials. D. The difference in time-out rates between the two 

conditions (t(70) = 3.84, p < .001). E. Psychometric curve. Its shape is determined by the slope, 

reflecting the rate of change in performance; the bias, reflected as a horizontal shift of the curve; and 

the lapse rates (Wichmann & Hill, 2001). F. RT distribution per condition. G. Average chronometric 

curve for each experimental condition. Median RTs did not differ significantly between conditions at 

any discrete contrast level. 

Performance over Time 

No Evidence for Performance Decline in the Full Instructions Condition 

Figure 6 

Behavioral and Pupil Results in the Two Conditions 

Note. Annotated p-values are adjusted for multiple comparisons. In panel F, negative values indicate 

average pupil constriction and positive values indicate dilation. Full instructions condition. 

Confirmatory one-tailed t-tests revealed no significant performance decrements (A. false alarm rate: 

t(34) = -0.73, padj = .999; B. slowest quintile: t(34) = -5.09, padj = .999; D. mean RT: t(34) = -4.75, padj 

= .999; E. RTCV: t(34) = -1.37, padj = .999). Exploratory two-tailed t-tests indicated significant 

improvements in slowest quintile (B. t(34) = -5.09, padj < .001, d
z 
 = 0.86) and mean RT (D. t(34) = -

4.75, padj < .001, d
z 
 = 0.80), but not false alarm rate (A. t(34) = -0.73, padj = .469, d

z 
 = 0.12) or RTCV 

(E. t(34) = -1.37, padj = .256, d
z 
 = 0.23). Significant time-on-task changes were observed in baseline 

pupil diameter (C. t(34) = -5.35, padj < .001, d
z 
 = 0.90) and diameter derivative (F. t(34) = 5.89, padj < 
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.001, d
z 
 = 0.99). Minimal instructions condition. All behavioral measures showed significant 

improvements over time (A. false alarm rate: t(36) = -7.10, padj < .001, d
z 
 = 1.17; B. slowest quintile: 

t(36) = -13.57, padj < .001, d
z 
 = 2.23; D. mean RT: t(36) = -13.80, padj < .001, d

z 
 = 2.27; E. RTCV: 

t(36) = -11.25, padj < .001, d
z 
 = 1.85). There were no observed changes in baseline pupil diameter (C. 

t(36) = 0.07, padj = .945, d
z 
 = 0.01), whereas the pupil diameter derivative stabilized over time (F. 

t(36) = 3.31, padj = .006, d
z 
 = 0.54). 

To assess whether performance degraded over the course of the task, slope distributions were 

compared to zero using one-tailed t-tests. Each slope reflected the direction and magnitude of change 

over time for a given measure, with positive values corresponding to increases in false alarms, 

proportion of slowest trials, response times, and RTCV, and negative values indicating improvements. 

Contrary to the hypotheses and the findings by van den Brink et al. (2016), no significant performance 

decrements were observed in the full instructions condition (Figure 6) 

Based on visual inspection of the data, exploratory two-tailed t-tests were conducted to 

examine whether any directional change occurred irrespective of direction. Several performance 

metrics showed significant improvements over time, with large effect sizes. Specifically, the 

proportion of slow trials decreased (Figure 6.B), and the RTs became shorter (Figure 6.D). False alarm 

rate, the primary measure of performance, did not show significant change, nor did the RTCV. These 

post-hoc analyses suggest that the observed pattern reflects an effect opposite to that of van den Brink 

et al. (2016), with performance improving rather than degrading over time. 

Performance Improvements in the Minimal Instructions Condition 

The changes in performance over time in the minimal instructions condition were explored by 

comparing the slope distributions to zero using two-tailed t-tests. The two-tailed tests were chosen due 

to the absence of directional hypotheses during exploratory analyses. Significant improvements were 

observed across all behavioral measures in the minimal instructions condition (Figure 6.A-B, 6.D-E). 

False alarm rates decreased over time, responses became faster and less variable (all ps < .001). Given 

the relatively high number of timeouts in this condition, I also examined the changes in the timeout 

rate over time, which significantly decreased (t(21) = -7.49, padj < .001). 

Tonic Pupil Fluctuations over Time 

Pupillary Measures Show Time-on-task Effects in the Full Instructions Condition 

Despite the lack of evidence in support of the first hypothesis, slope distributions of pupillary 

measures were compared to zero using two-tailed t-tests to examine whether pupillary changes 

occurred independent of the behavioral findings. In line with the second hypothesis, significant 

changes were observed in both pupil diameter and its derivative in the full instructions condition. 

Baseline diameter became smaller over the course of the task (Figure 6.C), while the derivative 

shifted from increasingly negative values toward positive ones, reflecting a gradual stabilization of 

diameter (Figure 6.F).  
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Although the two measures were significantly negatively correlated across windows (t(34) = -

3.86, p < .001), their mean correlation was small (r = -0.11, R² = 1.11%), indicating their ability to 

capture largely independent sources of variance in behavior. This finding was comparable to that of 

van den Brink et al. (2016) and allows for further analyses of the relationship between pupil and 

behavior. 

Changes in the Derivative, but not Baseline Diameter in the Minimal Instructions Condition 

Pupillary fluctuations in the minimal instructions condition were explored by comparing slope 

distributions of the baseline diameter and its derivative to zero using two-tailed t-tests (Figure 6.C). 

There were no significant time-related changes observed in the baseline pupil diameter in the minimal 

instructions condition. However, the diameter derivative was on average negative at the start of the 

task and increased over time (Figure 6.F). In this condition, the two pupillary measures were also 

significantly negatively correlated across windows (t(36) = -2.08, p = 0.49) with a small mean 

correlation (r = -0.05, R² = 0.29%). 

Tonic Pupil Fluctuations and Task Performance 

Multiple regression was used to examine the relationship between Z-scored behavioral and 

pupillary measures within participants. Following van den Brink et al. (2016), both linear and 

quadratic regressors were included for baseline diameter, and a linear regressor for the diameter 

derivative. As before, regression coefficients were compared to zero using t-tests. For the full 

instructions condition, one-tailed t-tests were used to test the relationship between behavior and 

baseline diameter, and two-tailed t-tests were used to explore the relationship between behavior and 

the derivative. In the minimal instructions condition, two-tailed t-tests were used for all comparisons. 

Figure 7 

The Relationship between Pupil Diameter and Behavior in the Two Conditions and van den Brink et 

al. (2016) before Controlling for Time-on-task 

Note. A. No significant linear relationships (left) were observed between baseline pupil diameter and 

any behavioral measure in either the full instructions condition (lapse rate: t(34) = -1.18, padj = .253, d
z 
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= 0.20; mean RT: t(34) = 0.78, padj = .781, d
z 
 = 0.13; slowest quintile: t(34) = 0.79, padj = .781, d

z 
 = 

0.13; RTCV: t(34) = -1.16, padj = .253, d
z 
 = 0.20) or the minimal instructions condition (lapse rate: 

t(36) = 0.01, padj = .991, d
z 
 = 0.00; mean RT: t(36) = -1.39, padj = .260, d

z 
 = 0.23; slowest quintile: 

t(36) = -1.28, padj = .281, d
z 
 = 0.21; RTCV: t(36) = -0.67, padj = .551, d

z 
 = 0.11). Significant linear 

relationships were observed for all behavioral measures in the van den Brink et al. (2017) dataset. No 

significant quadratic relationships (right) were observed in the full instructions condition (lapse rate: 

t(34) = 0.44, padj = .446, 0.07; mean RT: t(34) = 1.71, padj = .253, d
z 
 = 0.29; slowest quintile: t(34) = 

1.51, padj = .253, d
z 
 = 0.26; RTCV: t(34) = 1.37, padj = .253, d

z 
 = 0.23). Significant quadratic 

relationships (right) were observed for response time measures in the minimal instructions condition, 

whereas in the van den Brink et al. (2017) dataset significant quadratic relationships were observed 

for the false alarm rate measure only. B. No significant linear relationships were observed between the 

diameter derivative and behavioral performance in the full instructions condition (false alarm rate: 

t(34) = -0.63, padj = .642, d
z 
 = 0.11; mean RT: t(34) = -2.14, padj = .253, d

z 
 = 0.36; slowest quintile: 

t(34) = -1.19, padj = .419, d
z 
 = 0.20; RTCV: t(34) = -1.05, padj = .444, d

z 
 = 0.18). Significant 

relationships were observed in the minimal instructions condition with the false alarm rate (t(36) = -

2.72, padj = .024, d
z 
 = 0.45) and mean RT (t(36) = -2.75, padj = .024, d

z 
 = 0.45), but not with 

proportion of slowest RTs (t(36) = -2.21, padj = .067, d
z 
 = 0.36) and RTCV (t(36) = -1.78, padj = .143, 

d
z 
 = 0.29). In the van den Brink et al. (2017) dataset, significant linear relationships were observed 

between all behavioral measures and the diameter derivative. 

Before Controlling for Time-on-Task 

No evidence for inverted-U pupil–behavior relationship in the full instructions condition. 

Contrary to my predictions, no significant linear relationships were observed between behavioral and 

pupillary measures (Figure 7.A). Baseline pupil diameter was not smaller during windows 

characterized by more false alarms, slower response times, or greater RT variability, providing no 

support for a linear arousal–performance relationship. Quadratic relationships between behavioral 

measures and the baseline diameter were not observed either. This finding does not find support for 

the proposed Yerkes-Dodson relationship between arousal and performance. Finally, the diameter 

derivative did not significantly predict behavioral performance (Figure 7.B), failing to replicate the 

finding of van den Brink et al. (2016) in which periods of pupil stability were associated with poorer 

performance. 

Some evidence for inverted-U pupil–behavior relationship in the minimal instructions 

condition. In the minimal instructions condition, no significant linear relationships were found 

between baseline pupil diameter and behavioral performance (Figure 7.A). However, significant 

positive quadratic relationships were found between baseline diameter and response time measures 

(Figure 7.A), indicating that RTs became slower and more variable at both extremes of baseline pupil 
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diameter (mean RT: t(36) = 4.50, padj < .001, d
z 
 = 0.74; slowest quintile: t(36) = 4.84, padj < .001, d

z 
 = 

0.80; RTCV: t(36) = 4.24, padj < .001, d
z 
 = 0.70). The quadratic relationship was not observed for the 

false alarm rate (t(36) = 0.91, padj = .444, d
z 
 = 0.15). Additionally, the diameter derivative showed 

significant negative linear relationships with false alarm rate and mean RT suggesting that periods of 

greater pupil stability were associated with faster responses (Figure 7.B).  

After Controlling for Time-on-Task 

Although performance improved rather than declined over time in the analyses above, 

additional regressions were conducted to control for its potential confounding effects on the pupil-

behavior relationship. To keep the analysis pipeline as close as possible to van den Brink et al. (2016), 

a time-on-task predictor was included. For each window, this predictor reflected the time point at 

which a participant completed the last trial in that window. Unlike in the original study, the predictor 

therefore varied across participants, allowing us to account for individual differences in pacing across 

windows. The resulting regression coefficients thus reflect relationships that are independent of time-

on-task effects. 

Figure 8 

The Relationship between Pupil Diameter and Behavior in the Two Conditions and van den Brink et 

al. (2016) after Controlling for Time-on-task 

Note. A. No significant linear relationships (left) were observed between baseline pupil diameter and 

any behavioral measure in either the full instructions condition (lapse rate: t(34) = -1.39, padj = .958, d
z 
 

= 0.23; mean RT: t(34) = -0.45, padj = .925, d
z 
 = 0.08; slowest quintile: t(34) = -0.30, padj = .915, d

z 
 = 

0.05; RTCV: t(34) = -1.77, padj = .958, d
z 
 = 0.30), the minimal instructions condition (lapse rate: t(34) 

= 1.93, padj = .183, d
z 
 = 0.32; mean RT: t(34) = 0.89, padj = .508, d

z 
 = 0.15; slowest quintile: t(34) = 

0.97, padj = .508, d
z 
 = 0.16; RTCV: t(34) = 1.03, padj = .508, d

z 
 = 0.17) or the van den Brink et al. 

(2017) dataset. No significant quadratic relationship (right) were observed in the full instructions 
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condition (lapse rate: t(34) = 1.02, padj = .838, d
z 
 = 0.17; mean RT: t(34) = 0.82, padj = .838, d

z 
 = 0.14; 

slowest quintile: t(34) = 0.41, padj = .915, d
z 
 = 0.07; RTCV: t(34) = 1.45, padj = .838, d

z 
 = 0.25), 

whereas in the minimal instructions condition all significant quadratic relationships remained (mean 

RT: t(36) = 2.75, padj = .037, d
z 
 = 0.45; slowest quintile: t(36) = 2.97, padj = .032, d

z 
 = 0.49; RTCV: 

t(36) = 2.97, padj = .032, d
z 
 = 0.49). In the van den Brink et al. (2017) dataset, quadratic relationships 

emerged in all but the mean RT measure. This differed from the original publication, which found this 

relationship significant, but not the slowest quintile (see Table 2). B. No significant linear 

relationships were observed between the diameter derivative and behavioral performance in the full 

instructions condition (lapse rate: t(34) = -0.41, padj = .915, d
z 
 = 0.07; mean RT: t(34) = -0.43, padj = 

.915, d
z 
 = 0.07; slowest quintile: t(34) = 0.22, padj = .958, d

z 
 = 0.04; RTCV: t(34) = -0.49, padj = .915, 

d
z 
 = 0.08) and the previously observed significant relationships were eliminated in the minimal 

instructions condition with the inclusion of a time-on-task predictor (lapse rate: t(36) = -1.74, padj = 

.217, d
z 
 = 0.29; mean RT: t(36) = -1.09, padj = .508, d

z 
 = 0.18; slowest quintile: t(36) = -0.75, padj = 

.553, d
z 
 = 0.12; RTCV: t(36) = -0.13, padj = .900, d

z 
 = 0.02). In the van den Brink et al. (2017) dataset, 

almost all previously observed relationships remained (see Table 2). 

Figure 9 

Visualization of Quadratic Relationships between Pupil Diameter and Different Measures of 

Performance Before and After Controlling for Time-on-task 
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Note. Large values on the y-axis indicate poor behavioral performance (more false alarms, slower and 

more variable response times), whereas the smaller values indicate better performance. 

No evidence for time-on-task effects in the full instructions condition. The inclusion of the 

time-on-task predictor did not alter the previously observed results; all relationships remained non-

significant (Figure 8). The time-controlled analyses therefore provided no support for the third 

hypothesis, which predicted that quadratic relationships would emerge after accounting for time-on-

task effects, failing to replicate the original study. 

No evidence for time-on-task effects in the minimal instructions condition. In the minimal 

instructions condition, including the time-on-task predictor rendered the previously observed linear 

relationships between the pupil derivative and behavioral measures non-significant (all p > .2; Figure 

8.B). The quadratic relationships between baseline pupil diameter and behavioral measures were, 

however, preserved (Figure 8.A, Figure 9), suggesting that response time performance is optimal at 

moderate arousal levels during in the absence of clear task instructions. 

Arousal-Performance Relationship Robust in the Minimal, but not in the Full Instructions 

Condition 

Figure 10 

Linear and Quadratic AUCs for the Two Conditions Before and After Controlling for Time-on-task 
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The 50-trial sliding window used in the preprocessing pipeline was adopted from van den 

Brink et al. (2016), who acknowledged it was an arbitrary choice. To check whether the results 

depended on this decision, I repeated the regression analyses across window sizes ranging from 12 

trials (~40 seconds) to 148 trials (~8 minutes), with step sizes derived proportionally from the original 

parameters and rounded to the nearest integer. For each window size, linear and quadratic regression 

coefficients were computed per measure per subject, averaged across behavioral measures, and 

summarized using the area under the curve (AUC). The AUC measure reflected whether behavioral 

measures showed a consistent relationship with the two pupil measures overall, independent of the 

window size choice. 

The linear AUC was not significant for either of the two conditions for the baseline pupil 

diameter before (full instructions: t(34) = 0.24, p = .595 d
z 
 = 0.04; minimal instructions: t(36) = -1.11, 

p = .276, d
z 
 = 1.18) or after controlling for time-on-task (full instructions: t(34) = -1.00, p = .163, d

z 
 = 

0.17; minimal instructions: t(36) = 1.23. p = .227, d
z 
 = 0.20). The linear AUC for the pupil derivative 

was significant in the minimal instructions condition in both the uncontrolled (t(36) = -3.19, p = .003, 

d
z 
 = 0.52) and controlled models (t(36) = -2.48, p = .018, d

z 
 = 0.41), whereas in the full instructions 

condition it was not significant at all (both p > .4). In the minimal instructions condition the quadratic 

AUC for the baseline diameter was significant both before (t(36) = 4.52, p < .001, d
z 
 = 0.74) and after 

(t(36) = 3.48, p = .001, d
z 
 = 0.57) controlling for time-on-task (Figure 10). This indicated that 

performance was worst during periods of both relatively low and relatively high arousal, and that this 

pattern was stable across time scales. In the full instructions condition it was not significant in either 

model (uncontrolled: t(34) = 1.26, p = .108, d
z 
 = 0.21; controlled: t(34) = 0.72, p = .238, d

z 
 = 0.12), 

and the direction of the quadratic coefficient reversed across window sizes, suggesting the effect was 

inconsistent and scale-dependent. 

Taken together, this study did not replicate the effects reported by van den Brink et al. (2016) 

in the main condition, finding no clear link between arousal and performance when full task 

instructions were given. However, in the minimal instructions condition an inverted-U relationship 

between arousal and response time measures emerged consistently across all window sizes, 

independent of the effect of time. This finding suggests that the effect of arousal on performance may 

depend on the structure and difficulty of the experimental task. 

Discussion 

This study examined the generalizability of findings by van den Brink et al. (2016) by 

investigating the effects of time on task engagement using behavioral and physiological markers in a 

perceptual discrimination task. Contrary to expectations, performance improved rather than degraded 

over time. Pupil diameter decreased progressively in the full instructions condition but not the 

minimal instructions condition, while the diameter derivative shifted from initial constriction toward 

increasing dilation in both conditions - consistent with previous findings. Notably, the hypothesized 
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linear relationships between behavioral and pupillary measures were not replicated. Instead, response 

times were longer and more variable when pupil diameter was either relatively small or relatively 

large, revealing a U-shaped relationship in the minimal instructions condition, but not the full 

instructions condition. This pattern persisted after controlling for time-on-task and across time scales, 

suggesting that time did not obscure the true relationship between performance and pupil diameter as 

observed in van den Brink et al. (2016). In the full instructions condition, however, the relationship 

between arousal and performance was inconsistent across window sizes, suggesting that the current 

model failed to capture all factors that contributed to variability in engagement. 

Effects of Time on Performance 

Prior research on time-on-task effects has consistently shown that performance declines over 

time in a wide range of paradigms. In studies utilizing discrimination and/or detection tasks without 

additional manipulations (e.g., rewards, stimuli strength, etc.), performance has been shown to 

deteriorate over time (Esterman et al., 2013; Hopstaken et al., Jun et al., 2019; 2015b; Mangin et al., 

2022; Möckel et al., 2015; Unsworth et al., 2010; Unsworth & Robison, 2016). This pattern, however, 

alters following the introduction of reward manipulations mid-task, which has been shown to rapidly 

restore performance (Hopstaken et al., 2015a, 2015b). Task difficulty further moderates temporal 

patterns, with performance declining on easier tasks but improving on harder ones, as reflected in 

shorter response times (Hopstaken et al., 2015a). Thus, the manipulation of difficulty via stimulus 

strength (contrast levels) included in the present study may have mitigated the potential time-related 

effects. While confirmation of this hypothesis would require further analyses of models that control 

for differences in stimulus strength, it could indicate that temporal effects on performance (i.e., fatigue 

effects) could be alleviated by experimental designs that interleave trials of varying difficulty. 

Performance on decision-making tasks does not only depend on the observable environment, 

such as visual differences in stimuli. It also depends on the history of previous choices and stimuli, as 

even trained observers show substantial history dependence (Frund et al., 2014). Unlike most prior 

studies (e.g., Beerendonk et al., 2024; Hopstaken et al., 2015b; van den Brink et al., 2016), the present 

study introduced an additional level of manipulation: block-wise biases in target location probability 

(see Figure 2.C). The analytical pipeline of van den Brink et al. (2016) did not allow for control of 

such biases (or priors), meaning the sliding window approach used here aggregated trials with varying 

levels of bias. This likely introduced unexpected noise into the analyses. While sliding window and 

binning approaches are common (Beerendonk et al., 2024; van den Brink et al., 2016), they may not 

be optimal for designs with this kind of manipulation. Future research should therefore explore 

analytical approaches that better account for historical dependencies and afford greater statistical 

control. Several such approaches have been developed, notably the input-output hidden Markov 

models (Ashwood et al., 2022) and models based on artificial neural networks (Eckstein et al., 2023; 

Urai, 2026). 
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A further methodological difference that may account for the present findings is the use of a 

non-continuous paradigm. Unlike van den Brink et al. (2016), the present study used a task with 

clearly separated trials, each beginning and ending with a fixation dot (see Figure 2.B). Though both 

continuous (Esterman et al., 2013; Jun et al., 2019) and non-continuous (Hopstaken et al., 2015a) 

paradigms appear in the literature, these designs may not capture identical processes. Specifically, 

inter-trial intervals in non-continuous tasks may function as micro-breaks, allowing for partial fatigue 

recovery. Consistent with this, some work has shown that micro-breaks can stabilize performance 

(Dianita et al., 2024; Sharpe et al., 2025), which could account for the decrease in response time 

variability observed in the present study. However, this line of research remains relatively novel and is 

largely confined to applied settings, meaning its relevance to perceptual decision-making tasks 

warrants further investigation. 

Effects of Time on the Pupil 

Despite the divergence in behavioral findings, pupillary dynamics were partially replicated. In 

the full instructions condition, both measures of baseline diameter mirrored the original pattern (van 

den Brink et al., 2016), whereas in the minimal instructions condition, only the time-dependent 

stabilization of the diameter (diameter derivative) was observed. Declines in baseline pupil diameter 

over time have been reported across a range of studies, regardless of whether performance decrements 

were present (Hopstaken et al., 2015a; Pielage et al., 2021; van den Brink et al., 2016), though not 

universally (Hopstaken et al., 2015b). According to the LC-NE theory of arousal (Aston-Jones & 

Cohen, 2005), such declines reflect a fatigue-driven shift away from intermediate, optimal pupil sizes 

following prolonged attentional effort. The findings of the present study suggest that these 

physiological dynamics may act independently of task performance in the full instructions condition. 

In the minimal instructions condition, the pupil diameter initially declined before progressively 

increasing over the course of the task. This pattern may reflect the greater cognitive demands imposed 

by ambiguous instructions, sustaining or recovering arousal over time. Consistent with this, some 

work suggests that challenging tasks can drive performance-related increases in arousal (Sayalı et al., 

2023), which may explain the concurrent improvement in performance observed in this condition. 

Relationship between Performance and Arousal 

The present study found no evidence that larger baseline pupil sizes relate to performance 

improvements (cf. Podvalny et al., 2021; van den Brink et al., 2016). Instead, performance appeared 

optimal at intermediate pupil diameters, consistent with a quadratic relationship. This pattern has been  

previously observed, with several studies finding a quadratic relationship between performance and 

pupil diameter both before and after controlling for the effect of time (Beerendonk et al. 2024; Van 

Kempen et al., 2019). Other studies have found mixed results, with some performance measures 

showing linear and others quadratic relationships with pupil diameter (Podvalny et al., 2021). 

These findings align with the broader principle that arousal facilitates performance on easy 

tasks but follows an inverted-U relationship on more difficult ones (Sörensen et al., 2022; Yerkes & 
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Dodson, 1908). This may also explain the absence of quadratic relationships in van den Brink et al. 

(2016) prior to controlling for time - if their task was sufficiently easy, only the ascending portion of 

the U-shaped curve may have been captured, producing an apparently linear relationship. The greater 

difficulty of the present task may have engaged a wider range of the arousal spectrum, allowing the 

full quadratic relationship to emerge. This could also extend to the condition differences observed 

here: the minimal instructions condition, being more cognitively demanding, may have better sampled 

the arousal range, producing stronger quadratic relationships that were less susceptible to the effects 

of time. 

Finally, since the task used in this study was originally developed to enable cross-species 

comparison with recent findings on task engagement in mice (Ashwood et al., 2022; Hulsey et al., 

2024; Johnson et al., 2025), the present results raise a question about how the minimal instructions 

condition in particular maps onto animal data. As mice acquire task structure through experience 

rather than explicit instruction, the minimal instructions condition may represent a closer human 

analogue to rodent learning paradigms. Therefore, future research could use this paradigm to 

investigate whether the performance-arousal relationship in humans under minimal instruction 

parallel those observed in rodents, offering a bridge between human and rodent decision-making. 

Limitations and Future Directions 

The present study adopted a threefold approach to explore the temporal dynamics of, and 

relationship between, performance and arousal during sustained attention. First, a computational 

reproduction of van den Brink et al. (2016) was conducted, followed by a conceptual replication 

aimed at establishing the generalizability of their findings. Finally, the replication was extended to a 

manipulated condition to illustrate differences between the two. The computational reproduction 

revealed that some, but not all, findings emerge when the same dataset is analysed with different code. 

Albeit small (11% of statistics did not reproduce) and based on a single study, this discrepancy 

highlights the importance of transparent and open code sharing for the success of replication research 

in psychology and science more broadly (Breznau et al., 2025; Laurinavichyute et al., 2022). It also 

limits the conclusions that can be drawn from the present replication. 

Beyond reproducibility concerns, several analytical decisions further constrain interpretation. 

The data inclusion criteria were finalised following post-hoc quality control, and, although the 

exclusion thresholds were conservative and largely consistent with the original proposal, future 

studies would benefit from clearly specified pre-registration plans to minimise potential bias (Bakker 

et al., 2020). Additionally, the sliding window procedure employed here may not be well-suited to the 

present paradigm, given the multiple simultaneous manipulations within the paradigm (e.g., stimulus 

location, contrast level, frequency of location change, etc.). Considering the somewhat arbitrary 

nature of the procedural design, future work should consider comparing multiple preprocessing 

pipelines to determine whether observed effects reflect genuine phenomena or are partly a product of 

analytic choices. 
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A further limitation concerns the operationalisation of arousal. The present study relied on the 

pupil as a proxy of arousal - however, pupil size is not exclusively driven by LC-NE activity but is 

additionally influenced by other neuromodulatory systems, including dopaminergic, and serotonergic 

pathways (Cazettes et al., 2021; Grove et al., 2022; Grujic et al., 2024; Joshi & Gold, 2020). While 

work is being carried out to characterise the precise relationship between pupillary and stimulated LC-

NE activity (see Weiss et al., 2026), the strength of inference in the present work could be improved 

by incorporating additional arousal measures, such as electroencephalographic markers (e.g., P3 

amplitude or alpha power; Kopčanová et al., 2025; Murphy et al., 2011) or physiological signals such 

as heart rate or breathing indices (Iwamoto et al., 2023), to provide converging evidence. 

Perhaps the most fundamental limitation, however, is that this remains a single study. The 

literature on arousal and performance is extensive, yet evidence for any general underlying 

mechanism is sparse. This may be a consequence of the field's emphasis on novel methodologies at 

the expense of systematic replication. As a result, it remains largely unknown whether findings from 

any given paradigm generalise beyond that specific design. While studies like Beerendonk et al. 

(2024), which utilize data from multiple tasks, help illuminate these relationships, they remain bound 

by their own methodological choices. A valuable next step would therefore be a collaborative effort to 

re-analyse and compare existing datasets measuring the same constructs using multiple analytical 

approaches, both in human and non-human populations (e.g., based on efforts by The International 

Brain Laboratory). If anything, the present study suggests that such efforts may be both worthwhile 

and feasible - regardless of the employed study designs. 

Conclusion 

In conclusion, the present study examined the generalizability of van den Brink et al. (2016) 

by exploring behavioral and physiological dynamics in sustained perceptual decisions. Just as the 

ripeness of some apples is harder to judge than that of others, the present task varied stimulus contrast 

to create trials of differing difficulty, unlike the original study where all stimuli were equally difficult. 

While performance did not degrade but rather improved over time, the pupillary dynamics were 

partially replicated, and a quadratic rather than linear relationship between arousal and performance 

emerged independent of time-on-task. These findings shed new light on the boundary conditions of 

established arousal-performance relationships, and highlight the value of replication studies in 

building a more complete understanding of the mechanisms underlying perceptual decision-making. 
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Appendix A 

Data Inclusion Criteria 

 

 

Figure B1. Data inclusion criteria based on post-hoc quality control of the collected data. 
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Appendix B 

Instructions for the Experimental Conditions 

 

Minimal Instructions 

Thank you! We will now move on to the experiment. You will take part in a computer game. 

However, you will not receive any instructions: the goal is to figure out the rules of the game by 

yourself. To interact with the game, you will only need to move the mouse; clicking does not do 

anything. During the game, you will see a red cross in the middle of the screen. Please try to keep 

your eyes fixated on this cross throughout the experiment. When you are ready, click 'Start 

experiment'. 

Full Instructions 

Thank you! We will now walk you through the steps of this decision-making experiment. You will see 

some written instructions, as well as two example images of what the stimuli look like. You will then 

practice the task in a few example trials. The experiment consists of many trials. In each trial, you will 

see a red fixation point in the middle of the screen. Please keep your eyes focused on this fixation 

point throughout the experiment. At the beginning of each trial you will hear a sharp beep. You will 

then see two target images appear on each side of the screen. On each trial, you must decide which of 

the two target images has the higher contrast (i.e., appears darker). To select the target with the higher 

contrast, simply move the mouse until the chosen target reaches the center of the screen. For example, 

in the image below [Figure C1], the right target has the higher contrast, so you would move your 

mouse to the left. In this example image [Figure C2], the left target has the higher contrast, so you 

would move your mouse to the right. Simply moving the mouse left or right is enough, you don't need 

to click anything. You will hear a high beep if you answer correctly. If you answer incorrectly, you 

will hear a buzzing noise instead. If you take too long to answer, you will hear a low beep. Please try 

to be as accurate and fast as possible, and try not to let the trial time-out without a response. Click 

'Continue' to practice a few example trials. That is the end of the practice trials. Here is a last reminder 

of the instructions: In each trial, you will hear a beep and two targets will appear. You must decide 

which target has the higher contrast. To respond, move your mouse left or right to bring the chosen 

target into the middle of the screen. You don't need to click, simply drag the mouse. If you are correct, 

you will hear a high beep; if you are incorrect, you will hear a buzzing noise. Please keep your eyes 

fixated on the red cross in the middle throughout the experiment. If you have any questions, feel free 

to ask out loud, the experimenter can hear you and will help you out. You will now start the real 

experiment. Good luck!  
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Figure B1. An example image where the target contrast is on the right. 

Figure B2. An example image where the target contrast is on the left. 
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Appendix C 

Table of Demographics Characteristics 

 

Table C1 

Distribution of Gender and Handedness per Condition 

Condition Minimal instructions Full instructions  
n % n % 

Gender     

Female 31 84 29 83 

Male 5 14 0 0 

Non-binary 1 2 6 17 

Handedness     

  Right 33 89 30 86 

  Left 4 11 5 14 

     
Note. N = 72 (n = 37 in minimal instructions condition, n = 35 in full instructions condition). 
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Appendix D 

A Schematic Overview of the Sliding-Window Approach 

 

Figure D1. A sliding-window approach that was applied to each participant’s performance data. 

Specifically, a window of 50 trials was moved across the dataset in steps of 15 trials, resulting in 37 

overlapping windows. 

 


