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Abstract
Background  Modern accounts of cognitive effort posit that it is actively controlled based on a cost-benefit analy-
sis, integrating (subjective) costs and possible rewards, which is furthermore moderated by efficacy (i.e., whether 
there is a clear relationship between successful task performance and reward). Although there is evidence that 
reward and efficacy interact, this relationship may not be stable over time, given that reward attenuates time-on-
task effects while efficacy’s relationship with time-on-task is still unclear.
Methods  Thirty participants performed a Stroop task with a block design, with block-wise manipulation of effi-
cacy (possible rewards were either contingent upon correct task performance or determined without regard to 
task performance) and reward (high or low). Behavioral measures (response time and accuracy), pupil data (tonic 
and phasic pupil size), and blink measures (rate and duration) were recorded and analyzed using a mixed-effects 
modelling approach, with each block split into two halves to assess time-on-task effects.
Results  The behavioral data showed clear effects for efficacy, a pattern that was also largely mirrored in pha-
sic pupil size, suggesting substantial effort allocation. In contrast, we found no clear impact of time-on-task or 
reward on behavioral data or phasic pupil size. Tonic pupil size and blink metrics (rate and duration) did suggest 
time-on-task effects, with reward and efficacy attenuating these in some cases. However, because these time-on-
task effects diverged from behavioral outcomes and yielded theoretically ambiguous interaction patterns, they 
warrant cautious interpretation.
Conclusions  These findings support the role of efficacy in effort-related cost-benefit calculations, even when 
efficacy information is sustained across relatively long task blocks. More broadly, the present study highlights the 
interpretive complexity of ocular measures for studying cognitive effort over time.
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Background

Every day, individuals engage in challenging activities to pursue specific goals, and alongside other factors such 
as skill level or experience, their performance in these tasks varies in accordance with the level of cognitive effort 
they invest. Cognitive effort, as delineated by Shenhav et al. [1], refers to the mental resources people mobilize to 
meet task demands and support performance. Effort is typically aversive, leading individuals to generally prefer 
tasks that are less cognitively demanding [2, 3] (but see [4, 5] for exceptions under which effort is sometimes 
seen as rewarding, such as for example individuals with a high need for cognition who tend to enjoy cognitively 
effortful activities). In addition, effort discounts the subjective value of rewards, meaning that people generally 
require greater rewards to choose more effortful options [3]. Together, these observations underscore the notion 
that allocating effort usually incurs a cost, prompting a cost-benefit analysis in which the anticipated effort is 
weighed against potential rewards.

The process of conducting this cost-benefit analysis can be explained using the expected value of control (EVC) 
theory, as proposed by Shenhav et al. [6]. The EVC model serves as a theoretical framework aimed at explaining 
how cognitive control resources are allocated, based on the expected value derived from this allocation. Central 
to the EVC calculation is the assumed goal of maximizing expected future rewards while avoiding unnecessary 
effort. The cost-benefit calculation involves several key components, including the anticipated rewards associated 
with allocating resources, the intrinsic cost of control itself (i.e., the required resources or effort), and the prob-
ability of obtaining the desired outcome when resources are allocated. A key factor in estimating the likelihood 
of obtaining a desired outcome is efficacy: the extent to which individuals expect their effort to influence that 
outcome. Importantly, the EVC model also incorporates information about the current state, encompassing task 
demands, processing capacity, and motivational state. In short, EVC theory proposes that control is allocated, 
and cognitive effort invested, to maximize expected net value by weighing anticipated rewards against associated 
costs.

This dynamic aspect of effort allocation is central to the present study. In many real-world contexts, people 
do not decide whether to invest effort only once. Rather, they must repeatedly evaluate whether continued effort 
remains worthwhile as fatigue, boredom, or declining task value emerge. From an EVC perspective, this implies 
that reward and efficacy should shape effort allocation not only at the start of a task, but also as the task unfolds 
over time. Previous work has separately examined the interplay between reward and efficacy [7–9], and between 
reward and time-on-task [10–12]. However, it remains unclear how reward, efficacy, and time-on-task jointly 
shape cognitive effort allocation. Specifically, do efficacy and reward motivate effort in a continuous fashion 
over time, or do these factors interact over time. For example, for low efficacy and high reward, it is conceivable 
that motivation either starts off and remains low, or that it starts off relatively high and then deteriorates with 
increasing realization that performance indeed is not related to outcome. Addressing this question is theoretically 
important because EVC theory assumes that effort allocation depends jointly on expected reward, efficacy, and 
current motivational state. Because behavioral results sometimes show little variation in performance during 
time-on-task experiments due to compensatory allocation of effort in order to maintain performance during the 
task [13], the present study addressed this question using not just behavioral performance, but also ocular psy-
chophysiological measures of effort and fatigue, specifically pupil and blink measures.

While efficacy is traditionally studied as Bandura’s concept of subjective self-belief [14, 15], it can also be 
experimentally manipulated by explicitly informing participants whether or not their performance determines 
reward attainment. For example, a study by Frömer et al. [7] showed that individuals integrate information 
regarding both efficacy and expected reward to gauge the anticipated value of control, assessing the potential 
benefits and costs associated with allocating effort in a given task. Frömer et al. [7] used a Stroop task where 
each Stroop stimulus was preceded by a cue containing information about efficacy (i.e., their potential reward 
for the trial would either be contingent on their accurate performance or determined completely independently 
from their performance) and reward levels. Results showed that participants were sensitive to both efficacy and 
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expected reward, with faster accurate response times when expecting high levels of both. The role of efficacy was 
further corroborated by Toobaei et al. [8], who used the same Stroop task to compare patients with depression 
and healthy controls. Their results showed that the effect of efficacy on accurate response times was significantly 
attenuated in the patient group compared to healthy controls. This suggests that efficacy may carry less weight 
in effort-related cost-benefit analyses in depression, consistent with evidence that patients with depression report 
lower levels of self-efficacy compared to healthy controls (e.g [16, 17]).

Alongside electrophysiological measures that converged with their behavioral findings, Frömer et al. [7] 
recorded pupil size, a well-established marker of cognitive effort [18–20], to investigate how reward and efficacy 
predictions affect task preparation. Specifically, Frömer et al. [7] measured the phasic pupil response (i.e., tran-
sient changes in pupil size in response to stimuli or cognitive events; see below for a more elaborate overview) 
to the informational cue preceding the Stroop target. Interestingly, counter to their expectations, they did not find 
any effect of reward on pupil size, and pupils were smaller instead of larger when efficacy was higher. However, 
Frömer et al. [7] focused their analysis on the phasic pupil response to the cue, while assuming a canonical 
pupillary response function that already starts to decline again before the moment of target presentation. This 
runs counter to research suggesting that proactive control is represented in the pupil as a gradual build-up [21]. 
Motivated by this, a recent follow-up by Eayrs et al. [9] employed a similar Stroop task with only incongruent 
trials, and instead analysed anticipatory pupil dilation by fitting a linear function to the mean pupil size during 
the ‘ramping up’ phase preceding the Stroop target presentation, and comparing their slopes. Behavioral results 
broadly replicated those from Frömer et al. [7]. Pupillometry results however showed faster anticipatory pupil 
dilation during the cue-target interval (i.e., steeper slopes) for high-reward cues compared to low-reward cues, 
in particular during high-efficacy trials. This interaction pattern then also continued during the subsequent target 
processing, as indicated by phasic pupil responses following target presentation. Taken together, these results 
from Eayrs et al. [9] seem largely in line with the expectations of the EVC model, and therefore suggest that pupil 
size can indeed be used to investigate how reward and efficacy affect cognitive effort allocation.

As mentioned above, the EVC model not only integrates reward and efficacy, but also information about the 
current motivational state. Time-on-task factors such as fatigue [22] and boredom [23] are important influences 
on this state. Mental fatigue refers to a psychobiological state of tiredness following prolonged engagement in 
cognitively demanding activities [24, 25], whereas boredom involves feeling unchallenged and perceiving activi-
ties as meaningless. As posited by Kurzban et al. [26], feelings of boredom and fatigue may reflect a decline 
in the perceived value of continued engagement, prompting individuals to disengage from the task. Typically, 
performance deteriorates as fatigue or boredom increases over time, though performance can also be kept stable 
through compensatory effort [13].

Empirical studies have shown that time-on-task effects can be attenuated by reward. For example, Esterman 
and colleagues showed that reward can reduce performance decrements over time when it is implemented in a 
way that helps maintain motivation [10]. Consistent with this, Garner et al. [11] found that a time-based reward, 
where the duration of the experiment is contingent upon correct task performance, reduced the performance 
decline over time so that participants that were rewarded showed more stable performance than participants that 
were not rewarded. Herlambang et al. [12] provided further evidence using a within-subject design that alternated 
no-reward blocks with reward blocks, in which participants received a monetary reward for accurate responses 
and an additional reward for responses that were both correct and fast. Herlambang et al. [12] found that although 
participants’ subjective fatigue ratings increased linearly throughout the experiment (i.e., across both non-reward 
and reward blocks), participants’ subjective reports of effort allocation showed that more effort was exerted in the 
reward blocks. Importantly, this difference was also reflected in the behavioral data, where they observed clear 
time-on-task effects in the no-reward blocks, but not in the reward blocks. Together, these findings suggest that 
reward can counteract performance decrements over time, particularly when it sustains motivation or effort allo-
cation. Similar reward effects counteracting fatigue have also been observed in other domains, such as in working 
memory [27, 28] and response-conflict tasks [29].



Article in Press

BMC Psychology

https://doi.org/10.1186/s40359-026-05453-x

The interplay between reward and time-on-task effects is hence well-documented, as is the relationship between 
reward and efficacy [7–9]. However, as stated, the combined influence of reward, efficacy, and time-on-task 
remains unclear. As mentioned before, to address this question, the present study combined behavioral measures 
with psychophysiological indices of effort and fatigue. This is important, because previous research has suggested 
that behavioral measures sometimes show little variation in performance during time-on-task experiments due 
to compensatory allocation of effort in order to maintain performance during the task [13], so that solely relying 
on behavioral results can be ambiguous. Therefore, besides recording behavioral responses, we also employed 
a psychophysiological approach and measured both phasic and tonic pupil size, as well as blink rate and blink 
duration. As further motivation behind this choice, we provide a brief overview of these measures below.

Phasic pupil responses, which refer to transient changes in pupil size in response to stimuli or cognitive events, 
increase as more effort is exerted [18–20]. In addition, phasic pupil size has been shown to decrease as time-on-
task increases [27, 28, 30], reflecting problems with maintaining effort over time. Tonic pupil size, in contrast, 
reflects sustained cognitive processes rather than transient ones [31]. Nevertheless, tonic pupil size similarly also 
increases with increased cognitive effort [32], and tonic pupil size has also been shown to decrease with time-on-
task [27, 33, 34]. Where the phasic pupil response represents the momentary allocation of cognitive resources to 
a single stimulus, tonic pupil size can represent sustained effort allocated to the broader task or context, but is also 
generally linked to a broader concept of arousal, which is under various influences [35]. Notably, both tonic and 
phasic pupil size have also been found to increase in response to higher rewards [36–38].

Eye blink information has long been proposed as a valid measure of task duration-related effects [39]. For 
example, studies have described the relationship between blink rate and (mental) fatigue [30, 40–43], where blink 
rates increase as fatigue increases with time on task. Research has also shown that blink rates are increased during 
episodes of mind wandering [44–46]. Blink duration has been found to show similar response patterns to blink 
rate, with blink duration increasing with increased fatigue [30, 42, 43], as well as during mind wandering [44, 
47, 48]. In addition, a review by Cori et al. [49] concluded that blink duration is a robust measure of drowsiness.

In the present study, we build upon the earlier work by Frömer et al. [7] and Eayrs et al. [9] with an additional 
focus on the potential interaction with time-on-task, which has thus far not been investigated. Specifically, we 
adapted the setup from Eayrs et al. [9] which, in turn, was based on Frömer et al. [7], to a counterbalanced block 
design in order to investigate how time-on-task effects interact with reward and efficacy. In line with EVC theory, 
we expected both efficacy and reward to influence task performance. Specifically, we predicted higher accuracy 
and faster response times in high-efficacy than in low-efficacy blocks, and in high-reward than in low-reward 
blocks. We further expected efficacy and reward to interact, such that performance would be best when both 
efficacy and reward were high, and worst when both were low. We expected the physiological measures to show 
a corresponding effort-related pattern. For both tonic and phasic pupil size, this was expected to take the form 
of larger pupil sizes in high-efficacy and high-reward blocks, with the largest pupil sizes when both factors were 
high. For blink measures, we expected the reverse directional pattern, with lower blink rates and shorter blink 
durations in high-efficacy and high-reward blocks, and the lowest blink rates and shortest blink durations when 
both factors were high. To examine time-on-task effects, we additionally compared performance and physiologi-
cal measures between the first and second half of each block. We expected fatigue-related changes over time, 
reflected in poorer performance, smaller pupil sizes, and more frequent and longer blinks in the second half of 
blocks relative to the first half. Finally, we expected these time-on-task effects to be attenuated in high-efficacy 
and high-reward blocks compared with low-efficacy and low-reward blocks, with the most stability when both 
efficacy and reward were high.



Article in Press

BMC Psychology

https://doi.org/10.1186/s40359-026-05453-x

Methods

Participants

A total of 39 participants were recruited from the student population of Ghent University via Sona Systems 
(https://www.sona-systems.com/), an online participant recruitment platform, between February 20 and April 
16, 2024. Each participant received a base payment of 15 euros, plus an additional reward which was contingent 
on fast and accurate responses (detailed below). On average, participants earned an extra 5.01 euros. Eligibility 
criteria were being aged between 18 and 35 years, Dutch-speaking, and having normal or corrected-to-normal 
vision. Nine participants were excluded from all analyses due to missing data (3 participants), or failure to reach 
the required accuracy level of 70% during the practice phase (6 participants), resulting in a final sample size of 
30 participants (24 identified as female, 6 identified as male). Age ranged from 18 to 33 years old (M = 21.07, 
SD = 3.05). All participants provided written informed consent before the study.

We did not perform a sensitivity analysis or an a-priori power analysis for the present study. Our sample size 
is similar to those used in Frömer et al. [7] and Eayrs et al. [9], who each reported 37 participants in their pupil-
lometry analyses. The present design also yields a similar number of observations per condition, with 4,860 
observations (324 trials per block, split into halves, x 30 participants), where both Frömer et al. [7] and Eayrs 
et al. [9] each reported a total of 22,200 observations across four conditions (eight mixed blocks of 75 trials), 
yielding 5,550 observations per condition. Our number of observations per condition also aligns with the general 
recommendation by Brysbaert and Stevens [50], who, based on simulation studies, suggest that at least 1,600 
observations per condition are needed to detect small effects (Cohen’s d = 0.1–0.2) in repeated-measures designs 
using mixed-effects models.

Procedure

The task was an adjusted version of the Stroop task used by Eayrs et al. [9]. An illustration of the structure of the 
task is presented in Fig. 1. The Stroop stimuli consisted of the Dutch color words for “red,” “purple,” “green,” 
and “blue” (“rood,” “paars,” “groen,” and “blauw,” respectively). Stimuli were presented against a grey back-
ground with an RGB value of (176, 176, 176), and were always presented incongruently in one of the remaining 
three font colors: red, green, blue, or purple, with RGB values of (255, 0, 0), (0, 128, 0), (0, 0, 255), and (128, 0, 
128), respectively. Thus, the font color never matched the semantic meaning of the color word. In line with previ-
ous work [7, 9], the luminance of these colors was not equated. Yet, crucially, font colors were balanced across 
reward and efficacy conditions, such that each word-color combination occurred equally often. The stimuli were 

Fig. 1  Illustration of the 
Stroop task. Stimuli were 
always presented incongru-
ently in one of the other three 
font colors (“groen” trans-
lates to green). Experimental 
sessions consisted of four 
conditions (combinations of 
efficacy/no efficacy and high/
low reward) presented in a 
block design
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presented at central fixation in random order. Each Stroop stimulus was presented for 1000 ms and was followed 
by a blank screen with a fixation dot presented for 800 ms. Participants were instructed to respond as quickly and 
accurately as possible by pressing the keys corresponding to the font color using the middle and index fingers 
of both hands: left middle finger on D, left index finger on F, right index finger on J, and right middle finger on 
K. Color-key mappings were counterbalanced across participants. We followed the previous studies by Frömer 
et al. [7] and Eayrs et al. [9] and used a fixed response deadline that was held constant across all participants. 
Specifically, responses had to be accurate and faster than 900 ms to qualify for a potential reward (the ultimate 
reward was determined through an additional trial-selection procedure detailed below). Finally, a feedback screen 
was presented for 750 ms, indicating the potentially earned reward, rather than explicitly stating whether the 
response was correct or incorrect. In high-efficacy blocks, participants received “€0.1” or “€1” for correct and fast 
responses in low- and high-reward trials, respectively, and “€0” for incorrect or slow responses. In low-efficacy 
blocks, reward outcomes were not contingent on trial-level performance but were matched in frequency to the 
corresponding high-efficacy blocks. The feedback screen was followed by a second fixation dot with a jittered 
presentation duration between 500 and 800 ms. The task was programmed using OpenSesame 3.3.14 [51].

Before the main task, participants completed a practice phase. The first practice block included 12 trials (three 
repetitions of each font color) to familiarize participants with the Stroop task. Afterwards, detailed instructions 
were presented in which the efficacy and reward structure were explained. Another practice block consisting of 
24 trials followed, this time simulating all aspects of the main task, including receiving information about efficacy 
and reward (the practice block was always high-efficacy/high-reward), and feedback regarding their accuracy and 
reward rate. Participants had to achieve at least 70% accuracy in one of these training blocks to proceed to the 
main task.

Experimental sessions consisted of four conditions (combinations of efficacy/no efficacy and high/low reward) 
presented in a block design, with each block starting with the presentation of information regarding the efficacy 
and reward conditions: “This is a high/low efficacy and high/low reward block. Your potential reward depends on 
your performance/is determined at random. Trials can be rewarded with €1/€0.1”. Participants completed all four 
conditions in a counterbalanced order (determined using a Latin square design), with a one-minute break between 
conditions to minimize carryover effects. After exclusions, three conditions had 8 participants each, and one con-
dition had 6 participants. To check for any effect of block order, all analyses were re-run with counterbalancing 
condition included as a nuisance variable; this had no impact on the results, and there was never a significant 
effect of counterbalancing condition. Each condition involved 324 trials, resulting in a duration of approximately 
20 min per condition. The experimenter was present in the room but shielded from the view of the participants.

Due to the block-wise manipulation of efficacy and reward in the present study, our reward probability calcula-
tion for low-efficacy trials differed from the one used by Eayrs et al. [9] and Frömer et al. [7], who used a rolling 
window of 10 previous trials to calculate the reward probability. For low-efficacy trials in our study, whether a 
specific trial was potentially rewarded or not was independent of performance and was based on the reward prob-
ability in high-efficacy blocks to match reward rates between conditions. If the experiment started with a low-
efficacy block, the accuracy from the last practice block (where participants had to reach an accuracy of 70% or 
more) was used. As explained above, for high-efficacy trials, only correct responses within the 900 ms deadline 
were potentially rewarded. At the end of the experiment, 10 trials were randomly selected across all conditions to 
determine the total bonus reward, meaning rewards theoretically ranged from 0 to 10 Euros. The reward proce-
dure was explained to the participants before they started the main task.

Pupillometry

Pupil data were collected using an SR Research EyeLink 1000 Plus eye tracking device with a 1000 Hz sampling 
rate. Participants were tested in a dimly-lit room, seated approximately 90 cm from the screen (with a resolu-
tion of 1920 × 1080 and a screen refresh rate of 240 Hz), with their heads placed in a chin rest to stabilize head 
position. The lens of the eyetracker was positioned 60 cm from the eye. A nine-point calibration was performed 
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at the beginning of each task block. Data from both eyes were collected and pre-processed using the “pypillom-
etry” package [52] in Python. For each participant, data from both eyes were imported and checked for quality 
through visual inspection, and where possible we used the average pupil size across both eyes for our analyses. 
For four participants, data quality for one eye was poor due to technical issues, and we only used the data from 
the other eye. The continuous data were first low-pass filtered using a Butterworth filter with a cutoff frequency 
of 9 Hz. Blinks were detected using velocity thresholds following the procedure taken from Mathôt [53], with 
velocity parameters optimized for each individual participant. Temporally adjacent blinks were merged, with 
the required time of clean signal between blinks again optimized for each participant (to minimize interpolation 
artifacts). A cubic spline interpolation function [53] was used to reconstruct data affected by blinks. Lastly, the 
data were downsampled to 500 Hz, and absolute (non-baselined) pupil size for each trial was exported to RStudio 
(v2023.9.1.494; [54]) for further analysis.

Statistics

Analyses were conducted using R 4.2.3 [55] with a mixed effects modelling approach using the “glmer” func-
tion from the “lme4” package (v1.1-32; [56]). We used the “emmeans” package [57] for pairwise comparison of 
significant interactions. Predictors included efficacy (high/low), reward (high/low), and block half (first/second), 
as well as their interactions. For each analysis, the maximal converging random effect structure was determined 
using the “buildmer” package (v2.11; [58]). In case no random effect structure converged, we resorted to the use 
of repeated-measures ANOVA for analysis instead, using the “afex” package [59]. All predictors were within-
subject and sum-to-zero coded.

For accuracy, the maximal converging random effect structure included random slopes and intercepts for each 
participant and for efficacy, reward, block half, and the efficacy x reward, and efficacy x block half interactions. 
For RT, the maximal converging random effect structure included random slopes and intercepts for each par-
ticipant, and for all predictors and their interactions. In addition to these separate analyses of RT and accuracy, 
we also analysed our behavioral data in a fashion that controls for speed-accuracy trade-offs using the Balanced 
Integration Score (BIS; [60]). The BIS is computed as the difference in standardized mean correct response times 
and standardized proportion correct responses, meaning RT and accuracy are integrated into a single score with 
equal weights. Because of this equal weighting, BIS has been found to be relatively insensitive to speed-accuracy 
trade-offs, even when compared to, for example, the often used Inverse Efficiency Score [61], and has been 
shown to successfully capture “real” effects that are not a product of speed-accuracy trade-offs [62]. For the BIS, 
no random-effects structure converged because the BIS scores are computed from z-transformed reaction time 
and accuracy measures, which substantially attenuate between-subject variability, thus making it difficult for the 
model to reliably estimate random effects. For this reason, we resorted to a 2 × 2 × 2 repeated measures ANOVA, 
with efficacy (high, low), reward (high, low), and block half (first, second) as factors.

For tonic pupil size, we used the average pupil size in the 500 ms preceding stimulus presentation. Addition-
ally, we looked at the target-related phasic pupil size by using the average baseline-corrected data from a window 
from 400 to 1500 ms post-stimulus, after baseline-correcting the data with regard to the 500 ms pre-stimulus 
baseline. This time-window was chosen agnostic to any condition differences, aiming to both cover a typical 
time-range for phasic pupil responses, but to also include an early initial local peak in the pupil response (see 
Fig. 3), which was clearly visible. For both tonic and phasic pupil size, the maximal converging random effect 
structure included random slopes and intercepts for each participant and for all of our predictors and their interac-
tions, except for the three-way interaction.

Blink data from the entire duration of each experimental block were extracted from the raw data files obtained 
from the EyeLink 1000, where blinks are defined as events in which, due to eyelid occlusion, the pupil size is 
extremely small, or the pupil signal is lost or distorted. Following recommendations from Hollander and Huette 
[47], we visually inspected our data, and excluded blink durations shorter than 50 ms and longer than 500 ms 
from the analyses (Hollander and Huette [47] also state that signal loss shorter than 85 ms is unlikely to be a 



Article in Press

BMC Psychology

https://doi.org/10.1186/s40359-026-05453-x

blink. However, occlusion has been shown to last between around 40 ms and 200 ms [63], and can of course last 
longer for voluntary blinks). Our time-range was selected agnostic to any potential condition differences. For 
each participant, we averaged the number of blinks and the blink durations within each condition across both 
eyes, separately for the first and second half of each experimental block. For both blink rate and blink duration, 
the maximal converging random effects structure included random slopes and intercepts for each participant, as 
well as for efficacy, reward, and the efficacy x reward interaction.

Results

Behavioral

Accuracy

Estimated marginal means for each condition as a function of block half are presented in Fig. 2A. A generalized 
linear mixed model (GLMM) of accuracy (model specification was as follows: accuracy ~ 1 + efficacy × reward 
× half + (1 + efficacy + reward + half + efficacy: reward + efficacy: half | subject), with a binomial family and logit 
link function) revealed a significant main effect of efficacy, Wald χ2(1) = 9.92, p = .002. In line with our expecta-
tions, accuracy was higher in high-efficacy conditions compared to low-efficacy conditions, b = 0.22, SE = 0.07, 
z = 3.15, p = .002. Contrary to our expectations however, we found no significant main effects for reward or block 
half, and no significant interactions.

Response time

False responses and responses faster than 250 ms and slower than 900 ms were excluded from the analyses 
(including responses slower than the 900 ms cut-off did not meaningfully impact results). Overall, 10.40% of 
trials were excluded, comprising 6.87% incorrect responses, 3.53% trials with RTs above 900 ms, and no trials 
with RTs below 250 ms (the few trials that were faster than 250 ms were already filtered out for also containing 
incorrect responses). Exclusion rates were similar across conditions, ranging from 8.90% to 11.41%: 8.90% in 
efficacy/high-reward, 10.25% in efficacy/low-reward, 11.41% in no-efficacy/high-reward, and 11.05% in no-effi-
cacy/low-reward trials. Exclusion rates were also virtually identical across block halves (first: 10.41%; second: 
10.40%), indicating that later trials were not disproportionately excluded.

Fig. 2  Behavioral results as a 
function of efficacy, reward, 
and block half. (A) Estimated 
marginal means for accuracy 
in each condition. (B) Esti-
mated marginal means for 
response time in each condi-
tion. (C) Mean BIS scores 
for each condition. Error bars 
represent standard error of the 
mean. Asterisked labels denote 
significant effects, p < .05
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Estimated marginal means for each condition as a function of block half are presented in Fig. 2B. Contrary 
to our expectations, a GLMM of response time (model specification was as follows: response time ~ 1 + efficacy 
× reward × half + (1 + efficacy x reward x half | subject), with an inverse Gaussian family and log link function) 
showed no significant main effects, and no significant interactions.

Balanced integration score

Since individual effects for accuracy and RT can be the result of differential speed-accuracy trade-offs, which may 
partially camouflage as genuine performance effects, we furthermore used the BIS to assess overall task perfor-
mance without overemphasizing accuracy or speed alone. For the RT component of the BIS, we applied the same 
exclusion criteria as in the RT analyses reported above. Mean BIS scores for each condition as a function of block 
half are presented in Fig. 2C. A repeated-measures ANOVA revealed a significant main effect of efficacy where 
scores were higher in the high-efficacy condition compared to the low-efficacy condition, F(1, 29) = 12.67, p = 
.001, η²G = 0.084. This thus confirms that participants achieved better overall performance under high-efficacy 
conditions, through higher accuracy without a cost in RT. None of the other main effects or interactions were 
significant.

Pupillometry

Tonic pupil size

The time course of mean tonic pupil size for each condition as a function of block half is presented in Fig. 3A. 
Analyses included all trials following our pre-processing procedures (see above). Estimated marginal means of 
tonic pupil size within our window of interest (-500 ms to stimulus presentation) are presented as a function of 
block half in Fig. 4A. An LMM (model specification was as follows: pupil size ~ 1 + efficacy × reward × half + 
(1 + efficacy + reward + half + efficacy: reward + efficacy: half + reward: half | subject) showed a significant main 
effect of reward, Wald χ2(1) = 10.10, p = .001, where pupils were larger in low-reward conditions compared to 
high-reward conditions, b = − 42.26, SE = 13.30, t = -3.18, p = .004. However, it is important to note that this effect 
is in the opposite direction to what we expected, and will be expanded upon in the discussion section. In line with 
our predictions, the main effect of block half was also significant, Wald χ2(1) = 13.74, p < .001, with smaller mean 
pupil size in the second half of the blocks, compared to the first half of the blocks, b = 20.24, SE = 5.46, t = 3.71, p 
< .001. Contrary to our expectations, results did not show a significant main effect of efficacy, and no significant 
interactions.

Phasic pupil size

The time course of mean phasic pupil size for each condition as a function of block half is presented in Fig. 3B. 
Analyses included all trials following our pre-processing procedures (see above). Estimated marginal means of 
phasic pupil size within our window of interest (400 to 1500 ms post-stimulus) are presented for each condi-
tion as a function of block half in Fig. 4B. As predicted, an LMM (model specification was as follows: pupil 
size ~ 1 + efficacy × reward × half + (1 + efficacy + reward + half + efficacy: reward + efficacy: half + reward: half | 
subject) showed a significant main effect of efficacy, Wald χ2(1) = 5.65, p = .017, where pupils were larger across 
high-efficacy conditions compared to low-efficacy conditions, b = 9.69, SE = 4.08, t = 2.38, p = .024. Results did 
not show the predicted main effects of reward or block half, and no significant two-way interactions. The three-
way interaction, however, was significant, Wald χ2(1) = 10.06, p = .002, but did not follow the expected overall 
pattern of high-efficacy and high-reward blocks attenuating a decrease in pupil size across block halves (see 
below). Because the analysis window includes the time of response, and because our behavioral results showed 
an effect of efficacy on accuracy, we also ran a model which included accuracy as a nuisance variable. Accuracy 
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significantly predicted pupil size, with incorrect responses being associated with larger pupils, plausibly reflect-
ing response monitoring. However, the inclusion of accuracy did not alter the pattern of results, in line with the 
fact that accuracy was very high throughout the task. Both the main effect of efficacy and the three-way interac-
tion remained significant, and the pattern of estimated marginal means was essentially identical.

In line with our expectations, within the first block half, post-hoc contrasts with Tukey correction showed a sig-
nificant effect of efficacy within high-reward conditions, where high efficacy was related to larger pupil size, b = 
-15.34, SE = 5.90, z = -2.60, p = .009, as well as a significant effect of reward within the high-efficacy conditions, 
where high reward was related to larger pupil size, b = -12.36, SE = 4.34, z = -2.85, p = .004. Within the second 
block half, however, Tukey corrected post-hoc contrasts showed a significant effect of efficacy only within the 
low-reward conditions, where high efficacy was related to larger pupils, b = -14.04, SE = 5.43, z = -2.59 p = .010. 
Finally, Tukey corrected post-hoc contrasts showed a significant effect of block half only in the high-efficacy/
low-reward condition, where we did not observe attenuation of a decrease in pupil size as expected, but pupils 
were actually larger in the second block half than in the first, b = -8.72, SE = 3.95, z = -2.21, p = .027.

Fig. 3  Time course of mean pupil size for each condition as a function of block half. (A) Absolute tonic pupil size. (B) 
Baseline-corrected phasic pupil size. Shaded areas indicate windows of interest for the respective analyses. Ribbons repre-
sent Cousineau-Morey-corrected within-subject standard errors [64]
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Blinks

Blink rate

Mean blink rate for each condition is presented as a function of block half in Fig. 5A. In line with our expec-
tations, a GLMM of blink rate (model specification was as follows: blink rate ~ 1 + efficacy × reward × half + 
(1 + efficacy + reward + efficacy: reward | subject), with a Gamma family and identity link function) showed a 
significant main effect of block half, Wald χ2(1) = 6.99, p = .008, where the number of blinks was higher in the 
second half of blocks compared to the first half, b = -2.54, SE = 0.96, t = -2.64, p = .008. None of the other main 
effects or two-way interactions were significant. Although the three-way interaction, however, was significant, 
χ2(1) = 3.95, p = .047, it did not follow the expected pattern.

Tukey corrected post-hoc contrasts showed that within the high-efficacy/low-reward condition, participants 
blinked significantly more often in the second block half, compared to the first block half, b = -10.23, SE = 4.09, 
z = -2.50, p = .012. None of the other contrasts showed significant differences.

Blink duration

Mean blink duration for each condition is presented as a function of block half in Fig. 5B. In line with our expec-
tations, a GLMM of blink duration (model specification was as follows: blink duration ~ 1 + efficacy × reward × 
half + (1 + efficacy + reward + efficacy: reward | subject), with a Gamma family and identity link function) showed 
a significant main effect of block half, Wald χ2(1) = 54.03, p < .001, where blinks were longer in duration in the 
second block half compared to the first block half, b = -4.32, SE = 0.59, t = -7.35, p < .001. Results further showed 
a significant interaction between efficacy and reward, Wald χ2(1) = 4.71, p = .030, as well as a significant three-
way interaction, Wald χ2(1) = 15.89, p < .001, with these interactions not fully following the pattern we expected.

Fig. 4  Mean pupil size within our windows of interest for each condition as a function of block half. (A) Estimated marginal 
means for tonic pupil size from − 500 ms to stimulus presentation. (B) Estimated marginal means for phasic pupil size from 
400 to 1500 ms post-stimulus. Error bars represent standard error of the mean. Asterisked labels denote significant effects, 
p < .05
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Somewhat unexpectedly, Tukey corrected post-hoc contrasts showed that within the second block half of the 
low-reward conditions, blinks were significantly longer in the high-efficacy condition compared to the low-effi-
cacy condition, b = -18.79, SE = 7.39, z = -2.54, p = .011. In addition, Tukey corrected post-hoc contrasts showed 
that within the second block half, there were significant effects of reward in both the low-efficacy and high-effi-
cacy conditions, which were in opposite directions. Specifically, within the low-efficacy condition, blinks were 
longer in the high-reward condition compared to the low-reward condition, b = -17.77, SE = 6.57, z = -2.70, p = 
.007, whereas within the high-efficacy condition, blinks were shorter in the high-reward condition compared to 
the low-reward condition, b = 12.42, SE = 5.86, z = 2.12, p = .034. Lastly, and in line with our predictions, Tukey 
corrected post-hoc contrasts showed that blinks were significantly longer in the second block half compared to 
the first block half for the low-efficacy/low-reward, b = -5.38, SE = 2.32, z = -2.31, p = .021, low-efficacy/high-
reward, b = -13.52, SE = 2.44, z = -5.53, p < .001, and high-efficacy/low-reward conditions, b = -13.13, SE = 2.37, 
z = -5.55, p < .001, but not for the high-efficacy/high-reward condition, where as expected, we found no differ-
ence in blink duration between block halves, b = -2.55, SE = 2.27, z = -1.13, p = .261.

Discussion

The expected value of control (EVC) model [6] posits that decisions pertaining to cognitive effort allocation rely 
on a cost-benefit calculation based on the expected value derived from engaging in different control processes. 
Important empirical evidence in support of the EVC account and related models has come from research focus-
ing on the interaction between efficacy and reward [7–9], and less directly also from studies investigating the 
interaction between reward and time-on-task [10, 12, 27–29]. The present study aimed to further integrate these 
concepts by examining whether and how efficacy, reward, and time-on-task interact to influence cognitive effort 
over relatively long periods within a block design. While the behavioral data showed no effect of time-on-task or 
interactions with it, and no effect of reward, they generally displayed strong effects of efficacy, a pattern that was 

Fig. 5  Blink metrics for each condition as a function of block half. (A) Estimated marginal means for blink count. (B) Esti-
mated marginal means for blink duration in ms. Error bars represent standard error of the mean. Asterisked labels denote 
significant effects, p < .05
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also largely mirrored in phasic pupil size. This suggests that participants consistently allocated more effort when 
their performance had an influence on reward outcomes, leading to better overall performance in high-efficacy 
blocks. This was accompanied by a complex pattern of results in our ocular measures. Namely, tonic pupil size 
displayed a main effect of reward which ran counter to our expectation (with larger pupils in low-reward blocks) 
but nevertheless showed the expected general decrease in pupil size over time. Blink rate, on the other hand, 
displayed an expected general increase over time, with a three-way interaction which reflected the same general 
time-related increase reaching statistical significance only within the high-efficacy/low-reward condition. Finally, 
blink duration also increased over time as expected, but this effect depended on reward and efficacy in a three-
way interaction. Together, the present data hence show time-on-task effects only on a physiological level, which 
may indicate compensatory processes keeping performance relatively stable over time. However, due to the 
absence of convergence with our behavioral data, we interpret these time-on-task effects with caution.

At the behavioral level, the separate results for accuracy and response speed indicated higher accuracy for 
high-efficacy blocks, whereas RT was largely unaffected by efficacy. This general pattern of results was further 
supported by an additional analysis using the balanced integration score (BIS), which integrates response speed 
and accuracy. These results showed that participants indeed performed better in the high-efficacy conditions 
compared to the low-efficacy conditions (i.e., the respective effect on accuracy was not brought about by a dif-
ferential speed-accuracy trade-off). These results were consistent with our expectations, and provide corroborat-
ing evidence for the finding that efficacy information is integrated into the EVC calculation assumed to underlie 
cognitive effort allocation [7–9], extending this pattern to a context in which efficacy information was provided 
only once at the start of an experimental block. However, contrary to our expectations, we found no clear effects 
of reward or time-on-task. Nevertheless, it is interesting to note that in general (i.e., across accuracy, RT, and 
consequently also the BIS), numerically, performance seemed to be best and most stable for the high-efficacy and 
high-reward condition, which is in line with our expectation. While this could point to a lack of statistical power, 
it is important to emphasize that the task set-up was such that we expected behavioral time-on-task decrements, 
based on earlier work such as for example [10, 65], and for those to interact with our experimental factors. On the 
one hand, the absence thereof could mean that the task was not tiring (which can happen both for very easy and 
hard tasks, but is less likely in a task of medium difficulty), and/or that participants managed to compensate, and 
keep performance stable by applying extra effort (and/or profited from task improvements related to training; see 
below), which should be visible in the ocular measures we obtained.

Although our findings of better overall performance in the high-efficacy conditions are in line with results 
from earlier studies [7–9], our results also show some important deviations. While Frömer et al. [7] also found 
better accuracy in the high-efficacy conditions compared to the low-efficacy conditions, and no effect of reward 
(presented in supplementary Table 3 of their paper), Eayrs et al. [9] and Toobaei et al. [8] both did not find any 
effects of efficacy and reward on accuracy. More strikingly, all three studies report effects of efficacy and reward 
on response time [7–9], while we did not find any effects on accurate response times. One possible explanation 
for this difference is that the present study employed a block design, whereas the other three studies cued reward 
and efficacy at the trial level. The possibility that this difference in cueing format may have affected how effort 
was employed will be further elaborated below.

Results from our analysis of phasic pupil size were largely consistent with our behavioral results, with larger 
pupils under high-efficacy conditions than under low-efficacy conditions, but with an additional complex three-
way interaction where in the first block half we found effects of efficacy and reward that were in the expected 
directions, but in the second block half the pattern reflected only an effect of efficacy in the low-reward condi-
tions. This suggests that the increased accuracy within the high-efficacy blocks resulted from increased effort 
allocation, given that previous research has found phasic pupil size to be a valid marker for cognitive effort 
[18–20]. The effect of efficacy was more pronounced in the second block halves, possibly reflecting a learning 
effect where, with time-on-task, the efficacy manipulation became more salient or clear to participants. Some-
what unexpectedly, the more pronounced effect of efficacy in the second block halves seemed to come from the 
high-efficacy/low-reward condition seeing an increase in pupil size, whereas the other conditions each showed 
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a decrease in pupil size. Over the whole blocks however, similarly to our behavioral results, numerically we 
observed the largest mean pupil size within the high-efficacy/high-reward condition, so that the direction of these 
effects was as expected. Note that the above result pattern stayed the same when accounting for accuracy on a 
trial level, which had a main effect (larger pupils for incorrect trials, as one would expect), but otherwise did not 
interact with our results.

In contrast to our findings for phasic pupil size, tonic pupil size did reveal an effect of reward, which, however, 
ran counter to our expectations, as pupils were larger during low-reward blocks compared to high-reward blocks. 
This result is also not in accordance with earlier work showing that tonic pupil size increases with increased 
rewards [36–38]. In addition, there was an effect of time-on-task where tonic pupil size decreased with time, 
resulting in smaller average pupil size in the second half of blocks when compared to the first halves. This effect 
aligned with our expectations, as studies have shown that tonic pupil size decreases with time-on-task [28, 33, 
34]. However, we found no evidence for any effect of efficacy on tonic pupil size, or of any interaction effects.

Furthermore, our tonic pupil size data do not appear to correspond, at first glance, either to our behavioral find-
ings or to our results for phasic pupil size. One explanation for this could be that although (larger) tonic pupil size 
has been found to be an indicator of (increased) cognitive effort [31, 32], tonic pupil size has also been implicated 
in other cognitive processes. In particular, many studies have implicated tonic pupil size as a broad measure of 
arousal, which is affected by numerous factors [35]. As such, the present tonic pupil size results may be hard to 
interpret in a very specific fashion. Specifically, the significant decrease in tonic pupil size might reflect a drop 
in arousal levels in a fashion that relates to fatigue, whereas changes in this pattern may stem from motivational 
factors, varying the level of engagement with the task. A fitting alternative, and somewhat broader account, can 
be found in adaptive gain theory [66], which implicates the locus coeruleus (LC) in the regulation of behavior, 
which can be inferred via pupillometry [18]; see also [67]. Adaptive gain theory assumes two behavioral modes, 
exploitation and exploration, the former being focused on obtaining rewards in a given context, and the latter 
being more distractable to allow for changes in foraging strategy. Because exploration is associated with high 
(tonic) LC activity, it is similarly also associated with larger tonic pupil size [18]. Crucially, experimental studies 
have found evidence in favor of this account [68, 69]. Within the context of the adaptive gain theory, our find-
ings may indicate that participants showed less exploration and task disengagement (which may furthermore be 
related to mind wandering; e.g. [70, 71]), in the high-reward blocks, compared to the low-reward blocks, though 
this effect seems to be primarily driven through the much smaller tonic pupil size within the high-efficacy/high-
reward block. However, although this speculative alternative account provides a post-hoc explanation for why we 
may have found a reward effect in the opposite direction to what we expected, it does not provide an explanation 
for the lack of convergence with our behavioral findings and our phasic pupil size results.

Given its relationship to both fatigue [30, 40–43] and mind wandering [44–47], we also analysed blink data. 
First, as we expected, the blink rate results were also suggestive of a time-on-task effect, with participants blink-
ing more frequently in the second half of blocks compared to the first half of blocks. While we also observed a 
significant three-way interaction, efficacy and reward did not attenuate this time-on-task increase in blink rate as 
we expected, as we only found a significant increase in blink rate within the high-efficacy/low-reward condition. 
Though not significant, blink rates were numerically lower in the high-reward conditions than in the low-reward 
conditions, which would at least seem consistent with our findings regarding tonic pupil size when these are 
viewed in the context of adaptive gain theory, although this interpretation remains speculative.

Blink durations similarly suggested the expected time-on-task effects, with longer blinks in the second half of 
blocks compared to the first. In contrast to blink rates, however, blink durations additionally showed interactions 
between reward and efficacy, as well as a three-way interaction. The blink duration results were the only measure 
that showed a pattern broadly consistent with attenuation of time-on-task effects in the high-efficacy/high-reward 
condition, such that blinks were longer in the second half of blocks for each condition except for the combined 
high-efficacy/high-reward block, in which the mean blink duration remained stable over time. Given that blink 
duration has been shown to be a reliable marker for cognitive fatigue and mind wandering [30, 42–44, 47, 48], 
this could be taken to suggest that time-on-task effects were less pronounced when both efficacy and reward were 
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high, although this interpretation should be treated cautiously given the mixed pattern across measures. In con-
trast to the previously discussed results however, where we observed (at least numerically) the best performance, 
the largest phasic pupil size, and the smallest tonic pupil size within the high-efficacy/high-reward condition, 
blinks were numerically shortest in the low-efficacy/low-reward condition. One explanation might be that in this 
condition, participants possibly were differently engaged with the task from the start, given that the mean blink 
duration in the first block half is essentially equal for the other three conditions, but considerably shorter in the 
low-efficacy/low-reward condition.

Jointly, our findings pertaining to blink data as well as tonic pupil size seem to suggest that there were some 
time-on-task effects. It is, however, remarkable that results at the behavioral level do not reflect these time-on-
task effects. For this reason, as previously stated, we interpret these time-on-task effects with caution. Though 
block designs similar to the one employed in the present study have reported a decrease in performance over 
time (e.g [27, 28]), , our experimental design might nevertheless have been a factor in obscuring time-on-task 
effects on behavioral measures. For example, although it is well-established that cognitively effortful tasks are 
generally avoided [2, 3], which furthermore should arguably lead to fatigue if they cannot be avoided, there 
are circumstances where this does not hold. Embrey et al. [72] found that when participants are given a choice 
between performing a cognitive task and doing nothing at all for an extended period of time, they are likely to opt 
for the task in an attempt to avoid boredom, in particular in a lab context (as compared to online participation). 
Furthermore, while their study was not conducted in a time-on-task context, Wu et al. [73] found that within just 
100 trials, participants chose to perform a Stroop task rather than do nothing in 40% of the trials. It hence seems 
possible that although our task was probably fatiguing to a certain degree, participants may have been willing to 
compensate for such effects in a fashion that was not strictly tied to rewards.

Another possible limiting factor could have been the Stroop task employed here in a block design. While 
Stroop effects are known to be very robust [74], and the task clearly requires the engagement of cognitive effort, 
it is important to note that we followed Eayrs et al. [9] and included only incongruent trials in the present study, 
while Frömer et al. [7] did include neutral and congruent trials as well. We made this choice in an attempt to main-
tain a consistently challenging task, and to avoid a possible congruency x performance confound in our results 
(more successful/rewarded congruent than incongruent trials). However, including only incongruent trials does 
mean that the present task does not actually test the Stroop effect, which presents as the difference in response 
times between congruent and incongruent trials. Although Eayrs et al. [9] broadly replicated Frömer et al.’s [7] 
behavioral findings, exclusively using incongruent trials eliminates a traditional Stroop baseline, representing a 
fundamental context change that may have reduced our sensitivity to reward and time-on-task effects.

The present block design may furthermore have affected how effort was employed. Specifically, the present 
experiment was based on tasks from Eayrs et al. [9], and Frömer et al. [7], both of which used trial-based cues. 
This is expected to make the motivational factors of reward and efficacy highly salient, in turn leading to more 
responsive allocation of cognitive control (but see [75]). In contrast, within our block design, the information 
regarding efficacy and reward was only presented once at the start of each block (though the feedback for each 
trial also communicated information about efficacy implicitly and information about reward explicitly). Con-
sequently, the modified paradigm may have encouraged more sustained use of efficacy and reward information 
rather than transient control adjustments. Within this stable environmental structure, the robust effects of efficacy 
on accuracy, BIS, and phasic pupil size suggest that efficacy information continued to guide effort allocation 
when maintained across an experimental block, whereas reward effects were less consistently observed than in 
previous trial-wise implementations. It is possible that the stable, block-level format attenuated the immediate 
behavioral salience of reward incentives, although this explanation remains speculative because the present study 
did not directly compare blocked and trial-wise implementations. In addition, previous research has indicated 
that the Stroop task can be sensitive to practice [76, 77] (but see [65]). Although the nature of practice effects in a 
purely incongruent Stroop task might in some ways differ from a standard Stroop task, this could, in theory, still 
have led to the task getting easier over time, counteracting time-on-task effects as correct task performance would 
require less cognitive effort. Although our phasic pupil size (which did not decrease over time) and behavioral 
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results (which did not improve over time) do not immediately align with this, it is conceivable that training con-
tributed in subtle ways to our results to some extent.

Furthermore, it is conceivable that participants got habituated to the trial-based feedback they received [78], 
causing them to disregard it and simply carry out the task. This could have especially impacted our results per-
taining to reward, as the size of the reward remained constant for the entirety of each block, and could be an 
explanation for why we did not find effects of reward on behavior or phasic pupil size, which was in contrast 
to earlier studies [7–9]. Theoretically, the absence of a reward effect on performance could in principle also 
reflect range-adaptation or familiarity differences, given that participants practiced only under the high-efficacy/
high-reward condition in the present study, unlike prior studies that included all conditions during practice [7, 
9]. Including counterbalancing condition as a nuisance predictor did not change any behavioral or pupil results 
however, suggesting that practice-related familiarity is unlikely to account for the lack of reward effects in our 
behavioral data, or the surprising effect of reward in our tonic pupil results. Including a fixed response deadline 
of 900 ms may also have obscured reward effects. Although this ensured that the reward criterion was identical 
across participants, it may not have been equally challenging or attainable for everyone. However, the studies by 
Frömer [7] and Eayrs [9] also used fixed response deadlines (of 750 ms for both congruent and incongruent trials, 
and 1000 ms incongruent-trials-only respectively), and did observe an effect of reward on their behavioral mea-
sures. Furthermore, given that accuracy was generally very high, and we found no evidence of a speed-accuracy 
trade-off, the absence of a reward effect is unlikely to be explained by participants adopting a speed-focused strat-
egy at the expense of accuracy. Nevertheless, the fixed deadline may have limited the sensitivity of the reward 
manipulation by being insufficiently tailored to individual differences in baseline response speed or perceived 
reward attainability.

Despite these possible explanations for the absence of reward effects, our behavioral and phasic pupil size 
results together suggest that increased effort allocation in the high-efficacy conditions nevertheless had a signifi-
cant impact on performance. The fact that efficacy effects were more consistent across our measures than reward 
effects, and that interactions were often absent, could also be taken to suggest that participants may not have per-
ceived the contrast between high and low reward as sufficiently strong. This may have been compounded by the 
fact that in our design they were not directly pitted against each other in a trial-based fashion. A recommendation 
for future studies would therefore be to employ a stronger and more salient reward manipulation when investigat-
ing the efficacy x reward interaction in a block design, such as using points to exaggerate the difference (e.g., 1 
point versus 1000 points), and/or randomly selecting a larger portion of trials to contribute to the final reward. An 
additional recommendation for future studies would be to investigate the use of tasks which have been subjec-
tively rated as taking more mental effort to successfully complete, such as for example arithmetic tasks or mental 
rotation tasks [79], to maximize the effects of experimental manipulations of both efficacy and reward.

Conclusion

In sum, our behavioral and psychophysiological results provide corroborative evidence in favor of the account 
that information regarding efficacy is integrated into the cost-benefit analysis underlying the allocation of cog-
nitive control resources [7–9]. Extending previous findings obtained using trial-wise cueing paradigms, these 
effects were also observed during relatively long stretches of time within the blocked task structure employed 
in the present study. Specifically, our results pertaining to phasic pupil size and the balanced integration score 
(BIS) suggest that participants allocated more effort in conditions where their performance had an influence on 
reward outcomes, leading to better overall performance in high-efficacy blocks. In contrast, we did not observe 
the hypothesized effects of reward in behavioral performance or phasic pupil size, and reward-related effects 
observed in other ocular measures did not follow the predicted pattern. Moreover, the hypothesized interac-
tions among efficacy, reward, and time-on-task were not supported across the behavioral and psychophysiologi-
cal measures, with significant interactions generally not following the predicted pattern. Although tonic pupil 
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size and blink metrics suggested time-on-task changes, these patterns diverged from our behavioral and phasic 
pupillary findings and lacked a clear theoretical explanation. Consequently, they warrant cautious interpretation. 
Nevertheless, the data point to a possible split across measures: phasic pupil size and behavior showed effects 
consistent with efficacy-based effort allocation, whereas tonic pupil size and blink measures showed progressive 
time-on-task shifts, potentially reflecting emerging fatigue or disengagement, although the specific interpretation 
of these latter effects remains uncertain. Ultimately, this study contributes to the cognitive effort literature by 
jointly examining efficacy, reward, and time-on-task within a single paradigm, while underscoring the nuanced 
multidimensionality of ocular measures in tracking cognitive control over time.
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