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Abstract

Recent work has highlighted neural mechanisms underlying cognitive effort-related discounting of anticipated rewards. However,
findings on whether effort exertion alters the subjective value of obtained rewards are inconsistent. Here, we provide a more nuanced
account of how cognitive effort affects subsequent reward processing in a novel task designed to assess effort-induced modulations of
the Reward Positivity, an event-related potential indexing reward-related neural activity. We found that neural responses to both gains
and losses were significantly elevated in trials requiring more versus less cognitive effort. Moreover, time–frequency analysis revealed
that these effects were mirrored in gain-related delta, but not in loss-related theta band activity, suggesting that people ascribed more
value to high-effort outcomes. In addition, we also explored whether individual differences in behavioral effort discounting rates and
reward sensitivity in the absence of effort may affect the relationship between effort exertion and subsequent reward processing.
Together, our findings provide evidence that cognitive effort exertion can increase the subjective value of subsequent outcomes and
that this effect may primarily rely on modulations of delta band activity.
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Introduction
Owing to the limited-capacity nature of human infor-
mation processing, we tend only to engage in cogni-
tively demanding activity when, all else being equal, it
is worthwhile (Kool and Botvinick 2018). To this point,
recent influential theoretical accounts of effort-based
decision-making posit that the degree to which individ-
uals choose to engage in demanding behavior in a given
situation is determined by a cost–benefit analysis that
weighs the potential rewards conferred by effort exertion
against its costs (Shenhav et al. 2013, 2017; Westbrook
and Braver 2015; Otto and Daw 2019). A critical assump-
tion of this neuroeconomic framework is the notion that
exertion—or intensification—of cognitive control, much
like exerting physical force, is subjectively effortful and
inherently aversive to the individual (Kool et al. 2013;
Kool and Botvinick 2018; Vogel et al. 2020). Demonstrat-
ing this point, a recent and growing literature suggests
that individuals are strongly motivated to avoid spending
cognitive effort when given the choice (Kool et al. 2010),
especially in circumstances when cognitive resources are
sparse, for example, in healthy aging or under stress
(Westbrook et al. 2013; Bogdanov et al. 2021).

While it is well known that larger reward incen-
tives can increase effort investment, consequently
improving performance in a range of cognitive tasks

(Small et al. 2005; Botvinick and Braver 2015; Otto and
Vassena 2021), a key prediction of the cost–benefit
account of cognitive control allocation is that motivating
effects of rewards can be offset by task demands, that
is, for a fixed level of reward incentives, a higher level of
control demand reduces the net utility of effort exertion
(Shenhav et al. 2013). More specifically, it is thought that,
when deciding whether to exert effort or not, anticipated
rewards requiring large amounts of cognitive effort to
obtain are discounted and thus less attractive than smaller
rewards that require less effort (Westbrook and Braver
2015). In support of this hypothesis, several studies have
found that individuals will forego higher payouts to
reduce demand across different cognitive task domains,
including working memory and attention (Westbrook
et al. 2013; Chong et al. 2017; McGuigan et al. 2019).

At the same time, a separate line of work suggests
that the level of cognitive effort invested may augment—
rather than discount—the subjective value (SV) of a
reward conferred by effort exertion. For example, people
appear to value outcomes more positively when they
are received after having (actually or hypothetically)
invested more work in a given task, compared with
outcomes obtained with less effort (Arkes and Blumer
1985; Muehlbacher and Kirchler 2009; Norton et al.
2012; Sweis et al. 2018; Yan and Otto 2020). In other
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words, under different circumstances, effort appears to
differentially affect distinct phases of reward processing:
It reduces the value of anticipated rewards but also might
(retrospectively) increase the value of obtained rewards
(Berridge et al. 2009; Inzlicht et al. 2018).

Neuroscientific studies in humans and animals have
further elucidated the interplay between effort and
reward, suggesting that effort-based decision-making
critically depends on striatal and mesolimbic dopamin-
ergic projections to a large network of cortical and
subcortical regions frequently implicated in executive
control and reward processing (Botvinick and Braver
2015; Massar et al. 2015; Chong et al. 2017; Soutschek and
Tobler 2018; Westbrook et al. 2019, 2020). Most notably,
a body of functional magnetic resonance imaging
(fMRI) work reveals that reward-related cognitive effort
modulations as well as effort-related discounting of
anticipated rewards are linked to activity in the dorsal
anterior cingulate cortex, which is thought to play a cru-
cial role in detecting task demand and integrating effort
and reward information by computing an “expected
value of control” that ultimately determines whether
a goal is worth pursuing and how much cognitive control
should be applied to achieve it (Shenhav et al. 2017).
Similarly, other fMRI studies find that activity in the
ventral striatum as well as in the ventromedial prefrontal
cortex, which is thought to reflect the SV of a chosen
option, decreases with task demand and increases with
reward on offer (Croxson et al. 2009; Vassena et al. 2014;
Chong et al. 2017; Westbrook et al. 2019). Furthermore,
studies using noninvasive brain stimulation techniques
demonstrate that individual effort discounting behavior
can be upregulated or downregulated by increasing the
neural excitability of the frontopolar cortex or decreasing
neural excitability in the dorsolateral prefrontal cortex,
respectively (Soutschek et al. 2018; Soutschek and Tobler
2020).

Importantly, while this body of work has focused
on effort–reward computations at the anticipatory
stage of effort-based decision-making—that is, at the
time of choice, prior to reward outcomes—the effects
of prior effort exertion on reward valuation at the
time of outcome delivery are less consistent. For
example, an fMRI study by Botvinick et al. (2009) found
reduced blood oxygen level-dependent activity in the
nucleus accumbens (NAcc) accompanying monetary
rewards that followed high versus low levels of mental
effort expenditure, suggesting that participants valued
rewards less when they had to work harder for them.
In contrast, more recent studies reported increased
activity in the NAcc in response to rewards following
high degrees of effort exertion (Hernandez Lallement
et al. 2014; Dobryakova et al. 2017). Relatedly, a line of
electroencephalography (EEG) work has investigated how
effort exertion modulates the Reward Positivity (RewP),
a frontocentrally distributed event-related potential
(ERP) component that peaks between 250 and 350 ms
after outcome presentation and that is larger (i.e.,

more positive) following feedback indicating gains—for
example, monetary rewards or positive performance
feedback—compared with feedback indicating losses
(Foti et al. 2015; Proudfit 2015; Ethridge and Weinberg
2018). In one study, Ma et al. (2014) found larger
RewPs toward monetary gains after completing more
demanding versus simpler mental arithmetic problems
but not toward neutral (no-win) feedback, suggesting
that rewards received after exerting more effort were
considered more valuable. Similarly, studies employing
an effortful task-switching paradigm found that self-
reported effort exertion and participants’ level of
perceived control over outcomes were associated with
larger differences in ERP amplitudes between gain versus
loss feedback in the time window of the RewP (Yi et al.
2020; Harmon-Jones, Clarke, et al. 2020; Harmon-Jones,
Willoughby, et al. 2020). Finally, echoing the imaging
results of Botvinick et al. (2009), a recent study found
evidence for an attenuated, rather than potentiated,
RewP responses after increased (physical) effort exertion
(Bowyer et al. 2021).

In light of these inconsistent findings, here we con-
sider what might give rise to these disparities in the
observed effects of effort exertion on reward evalua-
tion—specifically, the RewP. Putting aside more obvious
differences between studies—such as the effort domain
of interest (i.e., cognitive or physical), previous investiga-
tions vary considerably in the nuances of their experi-
mental designs, such as the type of reward (monetary ver-
sus non-monetary), whether gains were contrasted with
losses or simply with omitted rewards, the timing with
which reward feedback information is delivered, and
whether reward feedback is separated from performance
feedback or is delivered concurrently. Accordingly, the
primary aim of this study was to investigate whether the
level of cognitive effort spent—on a well-characterized
task which parametrically manipulates effort expendi-
ture, mirroring paradigms used in cognitive effort and
RewP research—increases or decreases the RewP magni-
tude in response to subsequent rewards resulting from
effort outlay.

Furthermore, recent work demonstrates that the
magnitude of the RewP is associated with power in two
frequency bands—the delta (1–4 Hz) and theta frequency
ranges (4–8 Hz), potentially reflecting distinct cognitive
processes (Weinberg et al. 2021). Specifically, time–
frequency decompositions have previously uncovered
increases in delta power following positive (gains)
compared with negative outcomes (losses), and increases
in theta power following negative compared with
positive outcomes (Bernat et al. 2015; Foti et al. 2015).
Therefore, we also sought to examine how previous
effort expenditure affects spectral power in these two
frequency bands, affording a more detailed examination
of the mechanisms involved in the hypothesized effort–
RewP relationship.

Finally, we considered the possibility that variability
in earlier studies of effort-related RewP modulations
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might stem from individual differences in general
reward responsivity and/or the degree of aversion toward
engaging in demanding cognitive activities (Treadway,
Bossaller, et al. 2012a; Treadway, Buckholtz, et al. 2012b;
Sandra and Otto 2018; Yan and Otto 2020; da Silva
Castanheira et al. 2021). Using a cross-task individual
differences approach, we sought to further explore
how 1) baseline reward responsivity (i.e., the RewP
magnitude in absence of effort manipulations) and 2)
individuals’ tendency to discount anticipated rewards by
task demands might predict RewPs, and—as gain-related
delta activity has been found to be a stronger predictor
of individual differences in reward sensitivity than the
standard RewP (Foti et al. 2015; Ethridge et al. 2020,
2021; Weinberg et al. 2021)—spectral power following
low versus high levels of cognitive effort exertion.

To do this, we first measured participants’ baseline
RewP responses—in the absence of any cognitive effort
outlay—in the Doors task, a simple guessing game
(Fig. 1A), commonly used to evoke the RewP (Weinberg
et al. 2012, 2014; Proudfit 2015; Ethridge et al. 2021). Here,
we expected to find larger ERP amplitudes following
monetary gain compared with loss trials. We then mea-
sured behavioral indices of individuals’ effort valuation
using an established cognitive effort discounting task
(EDT; Fig. 1B), in which participants were required to
monitor rapid serial visual presentation (RSVP) letter
streams for a target stimulus (McGuigan et al. 2019). In
the EDT, effort level is operationalized as the number of
concurrent streams of stimuli that participants need to
pay attention to. After familiarization with each demand
level (“reinforcement phase”), participants made choices
to perform low-effort/low-reward trials versus high-
effort/high-reward trials, which permitted measurement
of participants’ effort discounting rates (“choice phase”).
Finally, we used EEG to examine how effort outlay tied
to reward receipt affects the RewP. Here, we introduce a
novel “effort–reward phase” to the EDT, in which partic-
ipants were instructed to complete either low- or high-
effort RSVP trials (i.e., monitoring a single stream versus
four concurrent streams), and successful performance of
each RSVP trial led to feedback corresponding to either a
monetary gain or a loss with chance (50%) probability.

Following previous findings (Westbrook et al. 2013;
Chong et al. 2018; McGuigan et al. 2019; Hofmans et al.
2020), we hypothesized that we would observe substan-
tial effort discounting in the choice phase of the EDT,
such that participants would exhibit a decreased pref-
erence for the high-effort/high-reward task as the effort
level on offer increased, and a greater preference for
the high-effort/high-reward task as the reward on offer
increased. On the basis of the limited existing behavioral
and electrophysiological evidence in the domain of cog-
nitive effort (Ma et al. 2014; Yi et al. 2020; Harmon-Jones,
Clarke, et al. 2020; Harmon-Jones, Willoughby, et al. 2020),
we expected larger RewP amplitudes in the effort–reward
phase of the EDT in high- versus low-effort trials. This
effect may be specific for gain compared with loss trials

(Ma et al. 2014). As outlined above, recent findings argue
for specific contributions of delta and theta band activity
to processing gain and loss feedback, respectively (Bernat
et al. 2011; Foti et al. 2015; Weinberg et al. 2021), which
led us to predict that effort exertion may specifically
affect gain-related delta but not theta activity. Finally, we
reasoned that individual differences in both behavioral
effort discounting and baseline reward responsiveness—
vis-à-vis the magnitude of the canonical RewP assessed
in the Doors task—might predict the magnitude of effort-
induced RewP modulations in the effort–reward phase
of the EDT; however, as these analyses were exploratory,
we did not have specific directional predictions for these
relationships.

Materials and Methods
Participants and Experimental Design
We recruited 54 young, healthy participants from the
McGill University community. Two participants were
excluded because they did not complete all tasks due
to technical difficulties. The final sample consisted of
52 participants who underwent all experimental tasks
in a fully within-subject design. Of the 50 participants
who reported their age and gender, 62% were female,
with ages ranging between 18 and 31 years old (M = 22.85,
standard deviation [SD] = 3.04). Each participant received
$25 CAD as compensation and an additional fixed reward
of $5 for their performance in the Doors task and EDT
(i.e., $2.50 per task). Written informed consent was
obtained from every participant at the beginning of the
experiment. All procedures were in accordance with the
Declaration of Helsinki and were approved by McGill
University’s Research Ethics Board.

Questionnaires
Participants completed a series of online questionnaires
1 day prior to their scheduled testing session, including
the Mood and Anxiety Questionnaire (Wardenaar et al.
2010), the Temporal Experience of Pleasure Scale (Gard
et al. 2006), the Ruminative Response Scale (Treynor et al.
2003), the Perceived Stress Scale (Cohen et al. 1983),
and the Need for Cognition scale (Cacioppo et al. 1984).
Correlational results of these measures and our main
dependent variables are reported in the Supplementary
Material.

Procedure
Upon arriving at the lab, participants gave informed
consent and completed the reinforcement and choice
phases of an EDT (see below) on a computer. EEG was
then recorded during the subsequent Doors Task (see
below) and the effort–reward phase of the EDT. Finally,
participants were asked to rate on a scale from 1 to
10 how effortful they perceived each demand level in
the EDT to be. The Doors task was programmed in Pre-
sentation software (version 18.1, Neurobehavioral Sys-
tems, Inc., Berkeley, CA), the EDT was programmed using
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Figure 1. Experimental Tasks. In each trial of the Doors task (A), participants chose between two door images. In 50% of all trials, choices were followed by
a green arrow, indicating a gain of 50 cents. In the other half, choices were followed by a red arrow, indicating a loss of 25 cents. In the Effort discounting
task (EDT; (B), participants are asked to observe RSVP letter streams and to respond with a button press whenever they detect the target (“T”). Effort was
operationalized as the number of concurrent RSVP streams. The EDT consisted of three phases. In the reinforcement phase, participants completed 10
trials of each effort level. After an initial cue stimulus signaling task demand, letter stimuli were presented rapidly on the screen for 10 s. Feedback then
indicated whether participants completed the trial successfully. In the choice phase, participants chose between two options, indicating whether they
would prefer to play a low-effort/low-reward trial (fixed: one RSVP stream for one point) or a high-effort/high-reward trial (variable: 2–6 streams for
2–10 points). Ten percent of all choices were randomly selected to be played out. In the effort-reward phase, we collected EEG data while participants
completed either low-effort trials (one RSVP stream) or high-effort trials (four RSVP streams). If participants completed the trials successfully, they
received either gain (+50 cents) or loss (−25 cents) feedback. Failed trials were repeated.

PsychoPy (Peirce 2007). Each testing session lasted for
approximately two hours.

Experimental Tasks
Doors Task

The Doors task, a forced-choice guessing task in which
participants win or lose money, was used to elicit a
baseline measurement of the individual’s RewP, indepen-
dent of effort manipulations (Weinberg et al. 2014; Foti
et al. 2015; Proudfit 2015). In each trial, participants were
presented with an image of two identical doors and were
asked to choose either the left or right door by clicking
the corresponding mouse button (Fig. 1A). Participants
were instructed to guess which door was hiding a prize
behind it, and that they would win money (50 cents) for
each trial on which they guessed correctly but would lose
money (25 cents) for each trial on which they guessed
incorrectly. In reality, each door provided a win (versus

loss) outcome 50% of the time. Following previous work
using the Doors task (Proudfit 2015; Ethridge et al. 2021),
reward amounts were asymmetric (i.e., monetary gains
were twice as large as losses), since losses have been
demonstrated to be (subjectively) valued twice as much
as a corresponding gain of the same amount (Tversky
and Kahneman 1992). After choosing a door, participants
were presented with a fixation mark (+) for 1000 ms,
followed by feedback indicating whether they won or lost
money, which took the form of a green arrow pointing
up (“↑”) for a win and a red arrow pointing down (“↓”)
for a loss, presented for 2000 ms. Following feedback, a
fixation mark appeared for 1500 ms, and participants
were then instructed to “Click for the next round”. There
were a total of 40 trials, comprised of 20 gain trials and 20
loss trials, presented in random order. Upon completion
of the task, all participants received a fixed payment of
$2.50.
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Effort Discounting Task (EDT)

The EDT used in this experiment consisted of three
phases: a reinforcement phase, a choice phase, and an
effort–reward phase. The first two phases were closely
modeled after the task described by McGuigan et al.
(2019), while the third phase was added to investigate
the RewP response elicited by rewards conferred by
exerting different levels of cognitive effort (Fig. 1B). In
each of the 60 trials of the initial reinforcement phase,
participants were presented with a 10-s rapid serial
visual presentation (RSVP) stream of letters consisting
of 24 individual letter-displays lasting for 416 ms each.
Participants were instructed to press the spacebar every
time they saw the target letter “T.” Task demand (i.e.,
effort) was operationalized as the number of letter
streams participants had to monitor concurrently (1–6)
and was signaled by a discriminative cue at the beginning
of each trial. Participants could earn a point in each trial
by achieving at least one hit (i.e., pressing the spacebar
while a “T” was present on screen) and less than three
false alarms (i.e., pressing the spacebar in the absence
of a “T”). Once a trial was finished, participants received
performance feedback (i.e., whether they gained a point
or not) for 2 s and then could initialize the next trial by a
button press.

The subsequent choice phase consisted of 105 trials
in which participants chose whether they would prefer
to play a low-effort trial (i.e., monitoring a single-letter
stream for 1 point) or a higher effort trial for larger
rewards (i.e., 2, 3, 4, 5, or 6 letter streams for 2, 4, 6, 8,
or 10 points). The low-effort/low-reward offer served
as a baseline and was identical across all trials, while
demand and reward levels in the high-effort/high-reward
options were varied independently. All possible 25 high-
effort/high-reward combinations were presented four
times, for a total of 100 trials. In addition, we included
five “catch” trials to verify participants attended to the
offered reward levels. In these trials, both choice options
signaled low effort (i.e., monitoring one letter stream)
but displayed different reward levels (i.e., 1 point vs. 2,
4, 6, 8, or 10 points). To ensure that the choice phase
was incentives-compatible, participants were required
to play 10 randomly selected effort-level/reward-level
choices, with the understanding that points gained in
these trials would translate to monetary reward at the
end of the experiment. This phase allowed us to estimate
individual levels of effort discounting—that is, how much
potential reward a participant was willing to forgo to
avoid expending additional cognitive effort.

The third and final part of the EDT, the novel effort–
reward phase, measured effort-related modulations of
the RewP response. This phase resembled the overall
structure of the Doors task (see above), including
feedback indicating monetary gains and losses for each
trial. However, instead of choosing between two stimuli,
participants were asked to once again complete a single
RSVP trial with a given effort level: low effort (i.e., monitor

one single letter stream) or high effort (i.e., monitor four
concurrent letter streams). The level for the high-effort
condition was chosen based on prior observations in
our lab, suggesting that four concurrent letter streams
represent a significant increase in effort while affording
a reasonable accuracy level. Participants were informed
that if they completed a trial successfully (i.e., above the
threshold of at least one hit, less than three false alarms),
they would sometimes win 50 cents and sometimes
lose 25 cents. As in the standard Doors task, the true
probability for each outcome was 0.5. Following a
fixation mark presented for 1500 ms, reward feedback
was displayed as a green circle (signaling successful
completion of the trial) and a white arrow either
pointing up (“↑”), indicating a win, or pointing down
(“↓”), indicating a loss, displayed for 2000 ms. To obtain
a sufficient number of trials for each effort/feedback
combination (i.e., low effort/win, low effort/loss, high
effort/win, and high effort/loss), the task ended after
participants had successfully completed 100 trials (25
per effort/outcome pairing). If participants failed to
perform above the threshold in a given trial, they were
presented with a red cross as feedback to signal an
error. These trials were excluded from the analysis and
were replayed by participants until they met threshold
performance. Overall, participants had relatively few
failed trials (M = 12.67, SD = 13.87).

EEG Recording and Data Processing
Continuous EEG during the Doors task and the effort–
reward phase of the EDT was recorded using a Brain-
Vision actiCHamp system (Brain Products, Munich, Ger-
many). Recordings were taken from 32 scalp electrodes
based on the 10/20 system and a ground electrode at Fpz.
A sampling rate of 1000 Hz was used to record data with
electrode impedance set below 10 kΩ.

BrainVision Analyzer software (Brain Products, Munich,
Germany) was used to conduct offline analyses. All
unsegmented data were band-pass filtered with cutoffs
of 0.1 and 30 Hz and a roll-off slope of 24 dB/octave,
then segmented as described below and referenced to
the average of TP9 and TP10. Each trial was corrected for
blinks and eye movements using FT9 as the horizontal
electrooculogram channel and FP1 as the vertical
electrooculogram channel per an adaptation of the
algorithm published by Gratton et al. (1983).

For all analyses, the data were segmented into 2500 ms
epochs beginning 1000 ms before feedback onset and
continuing for 1500 ms following feedback onset. Fol-
lowing this, an automatic method was used to detect
and reject artifacts, whereby intervals were rejected from
individual channels in each trial if they contained a
voltage step of more than 30.0 μV between sample points,
a voltage difference of 150.0 μV within a trial, an ampli-
tude of less than −125 μV or more than 125 μV, or a
maximum voltage difference of less than 0.50 μV within
100 ms intervals. Following a visual inspection of the
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data, a manual artifact rejection was applied over the
automatic artifact rejection if artifacts still remained in
the processed data.

Time Window Analyses

For time window analyses, RewP was scored as the
average activity at sensors Cz, FC1, and FC2 (FCavg)
between 250 and 350 ms following feedback, given
evidence that the RewP is maximal at frontocentral
sites on the head during this time window following
reward feedback and based on visual inspection of
the grand-averaged data from this sample (Proudfit
2015). Our choices for both the time window and the
electrode positions used for all analyses were based on
a hypothesis- and data-independent collapsed localizer
approach (Luck and Gaspelin 2017). Separate averages
were then created for gain and loss feedback in the Doors
task, and for gain and loss feedback with respect to low-
or high-effort trials in the effort–reward phase of the EDT.
In each task, the time from −200 to 0 ms prior to feedback
served as baseline (Ethridge and Weinberg 2018; Ethridge
et al. 2020).

Time–Frequency Analyses

As we were primarily interested in identifying dissociable
sources of activity that contribute to the observed RewP
waveform, time–frequency analyses in each task were
performed on the grand average for each condition (i.e.,
gain or loss), with the time from −500 to −300 ms prior to
feedback onset used as a baseline. We then performed a
continuous wavelet transform using the Morlet complex
with a minimal frequency of 0.01 Hz and a maximum
frequency of 20 Hz, 40 frequency steps, Morlet parameter
c of 3.5, and Gabor normalization. For each feedback
type, layers were then extracted corresponding to the
delta and theta frequency bands. The layer extracted for
delta had a central frequency of 2.894 (Gauss. low = 2.067,
Gauss. high = 3.721) and the layer extracted for theta had
a central frequency of 5.878 (Gauss. low = 4.199, Gauss.
high = 7.557). Finally, for each response type in each task
(i.e., gain or loss in the Doors task, high effort–gain,
high effort–loss, low effort–win, and low effort–loss in
the effort–reward phase of the EDT), power in the delta
and theta frequencies were scored as the average activity
at Cz, FC1, and FC2 (FCavg) between 200 and 400 ms
following feedback onset (Bernat et al. 2011; Foti et al.
2015; Ethridge et al. 2020).

Inferential Statistics
Our key inferential statistics were based upon mixed-
effects regression models, implemented with the lme4
package for R (Bates et al. 2014). First, to assess partic-
ipants’ baseline RewP response to rewards in the Doors
task, we calculated separate regression models to predict
ERP amplitude as well as delta and theta power (see
time window and time–frequency analysis above) as a
function of reward outcome (gains vs. losses).

In the EDT, we estimated a model predicting partic-
ipants’ subjective effort rating scores as a function of
effort level encountered in the initial reinforcement
phase of the task. Participants’ choice behavior in the
subsequent choice phase of the EDT was analyzed
using a logistic regression predicting acceptance of
high-effort/high-reward offers (0 = low demand choice,
1 = high demand choice) as a function of effort level
(levels 2–6), reward (2–10 points), and their interaction.
All predictors were entered into the model as both
fixed effects and participant-level random slopes, with
random intercepts. Finally, for the regression analysis of
the critical effort–reward phase of the EDT, participants’
discrimination performance was quantified as d′ (z-
standardized hit rate – z-standardized false alarm rate)
which was predicted by effort level (low vs. high),
reward (gains versus losses), and the interaction term,
again both as fixed and random effects in addition to
a random intercept. Analogous to the Doors task, we
calculated separate regression analyses to predict RewP
amplitude and frequency band power (for both delta and
theta bands) by effort level (high vs. low) and reward
(gains vs. losses) and their interaction term as fixed
effect and included a random intercept and random
slopes for effort and reward levels. To explore the effect
of individual differences in effort discounting on the
RewP measures, we included the z-standardized model
parameter k (derived from modeling choice behavior
in the choice phase; see below) as an additional fixed
effect predictor and allowed it to interact with all other
predictors. All individual difference measures were z-
scored prior to being entered in the analyses. Finally,
we explored potential relationships between our task-
based measures: the effort discounting parameter k (see
below), the difference in ERP amplitudes to gains versus
losses in the standard Doors task (i.e., a �RewP), and
the differences in ERP amplitudes in high- and low-
effort trials in the effort–reward phase of the EDT, and
participants’ scores in the questionnaires testing using
Pearson correlations (reported in Supplementary Table
S1).

Computational Model of Effort Discounting
Following previous work (Klein-Flügge et al. 2015; Chong
et al. 2017; Massar et al. 2019, 2020; Vogel et al. 2020),
we used a computational model of choice to quantify
individuals participants’ levels of effort discounting in
the choice phase of the EDT. First, we compared the
goodness of fit of the following three SV functions, which
prescribes the functional form with which a given reward
on offer amount is discounted by a given effort level:

Linear : SV(high effort) = Rhigh Effort − k × Ehigh effort,

Parabolic : SV(high effort) = Rhigh Effort − k × (
Ehigh effort

)2 ,

Hyperbolic : SV(high effort) = Rhigh Effort × 1
1 + k × Ehigh effort

,
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Table 1. AIC and BIC values for all compared computational
models.

Model AIC BIC

Linear 3487.12 3491.27
Parabolic 4860.00 4864.15
Hyperbolic 4503.10 4507.26

AIC, Akaike Information Criterion; BIC, Bayesian Information Criterion.

where SV is the subjective value of the high-effort/high-
reward offer in the current trial, R is the amount of
reward (i.e., 2, 4, 6, 8 or 10 points) on offer, E is the effort
level (i.e., 2, 3, 4, 5, or 6 concurrent letter streams) on
display, and k is a free parameter governing the subject-
specific level of effort discounting. Intuitively, higher k-
values correspond to steeper discounting of rewards due
to effort levels and thus indicate that a given participant
is less likely to choose high-effort/high-reward offer in
the choice phase of the EDT. The probability of choosing
the high-effort/high-reward offer (Phigh effort) was deter-
mined by a softmax choice rule:

Phigh effort = eβ∗SVhigh effort

eβ∗SVlow effort + eβ∗SVhigh effort
,

where P depends on the SV of the high-effort option in
relation to the SVs of both options. Here, β represents the
inverse temperature parameter of the softmax function,
where larger β-values indicate that choices are more
sensitive to SV differences between options.

The models were then fit to each participant’s choice
data with maximum likelihood estimation using the
“fmin” optimization function in the SciPy package for
Python (Virtanen et al. 2020). We then calculated both
the Akaike Information Criterion and the Bayesian Infor-
mation Criterion for each model to compare fits (Akaike
1974; Schwarz 1978). Both goodness-of-fit measures
indicate that choices were best described by a model that
assumed linear effort discounting (Table 1), mirroring
the findings reported by McGuigan et al. (2019), which
employed the same EDT paradigm and choice model.

For the linear model, the best-fitting parameters were
as follows: k: mean ± standard error (SE) = 1.60 ± 0.59; β:
mean ± SE = 11.72 ± 3.50. One participant showed partic-
ularly strong aversion against effort (proportion of high-
effort/high-reward offer chosen ∼21%), resulting in a
particularly high k-value. This person was labeled as
an outlier and was excluded from analyses using this
parameter. For the remaining sample, the estimates were
k: mean ± SE = 1.02 ± 0.11; β: mean ± SE = 11.95 ± 3.56.

Results
EDT Behavior
First, we observed that participants’ ratings of effort
levels encountered in the reinforcement phase of the
EDT indicated that the effort manipulation successfully
induced changes in subjective effort, as higher effort

levels were consistently perceived as increasingly more
difficult (β ± SE = 1.25 ± 0.03, t = 36.99, P < 0.001; Fig. 2A).

Following previous work (McGuigan et al. 2019), we
observed that participants’ choices to engage in high-
effort/high-reward trials in the choice phase of the EDT
(Fig. 2B–D) were informed by the amount of both effort
and reward on offer: willingness to choose the high-
effort/high-reward offer decreased with increasing effort
levels (Fig. 2C; main effect effort: β ± SE = −1.39 ± 0.14,
z =−9.78, P < 0.001) and increased with larger rewards
(Fig. 2D; main effect reward: β ± SE = 0.69 ± 0.18, z = 3.
91, P < 0.001). Furthermore, we found a significant
effort × reward interaction (β ± SE = 0.22 ± 0.06, z = 3.36,
P < 0.001), indicating that participants were willing to
exert more cognitive effort when the reward was high
and, conversely, showed steeper effort discounting when
rewards were low (Fig. 2B).

To investigate whether individual differences in effort
discounting are related to the subjective evaluation
of task demand, we added participants’ k-value (the
individual effort discounting parameter obtained by
computational modeling of choice behavior) as an
individual difference variable to the regression predicting
subjective effort ratings. As before, effort level signifi-
cantly predicted subjective ratings (β ± SE = 1.05 ± 0.05,
P < 0.001). While the main effect of k-value was not
significant (β ± SE = 0.01 ± 0.22, P = 0.989), we found
an interaction effect between effort level × k-value
(β ± SE = 0.18 ± 0.04, P < 0.001), indicating that subjective
effort ratings of participants with higher k-values
(i.e., steeper discounters) appeared subjectively more
sensitive to increases in task demands.

Finally, in the effort–reward phase of the EDT, we
found that participants’ discrimination performance
was worse in high-effort trials compared with low-
effort trials (main effect effort: β ± SE = −0.48 ± 0.02,
t =−26.35, P < 0.001), indicating that high-effort trials
were indeed more difficult. Critically, the performance
was comparable between gain and loss trials (main effect
reward: β ± SE =−0.01 ± 0.02, P = 0.831; interaction effect
effort × reward: β ± SE = −0.02 ± 0.02, P = 0.398).

Baseline EEG Measures of Reward
Responsiveness
Turning to the EEG analysis, we first sought to confirm
participants exhibited a canonical RewP in the Doors
task, which provided probabilistic reward feedback
delivered after each choice but was not tied to effort
exertion. Corroborating previous RewP studies (Foti et al.
2015; Proudfit 2015; Ethridge et al. 2020), we found
that gains, compared with losses, led to larger positive
deflections of the ERP between 250 and 350 ms after
feedback presentation (Fig. 3A), which was statistically
confirmed by a linear regression of feedback type
on the RewP amplitude during this time window
(β ± SE = 1.58 ± 0.34, t = 4.70, P < 0.001; Fig. 4A). A time–
frequency decomposition (Fig. 3D,G) revealed the same
effect to be present in the delta band, where gains led to
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Figure 2. Effort ratings and choice behavior in the EDT. Participants’ subjective effort ratings increased with task demand (A). Their choices in the second
phase of the EDT were markedly affected by both effort and reward on offer (B–D). Willingness to choose the high-effort/high-reward option fell with
rising task demand (C) but increased when rewards got larger (D). Steepness of effort discounting depended on the associated rewards. Specifically, the
proportion of high-effort choices sank more rapidly for lower compared with larger rewards (B).

higher power compared with losses (β ± SE = 0.30 ± 0.11,
t = 2.79, P = 0.007) but not in the theta band, where
greater power was elicited by losses compared with gains
(β ± SE =−0.48 ± 0.12, t = −4.15, P < 0.001; see Fig. 4B,C).

Cognitive Effort Exertion Increases EEG
Responses to Reward Outcomes
The primary interest of this study was to investigate
how the exertion of cognitive effort would modulate
RewP magnitude in the effort–reward phase of the EDT.
Figure 3 depicts ERP waveforms (B,C), scalp topographies
(E,F), and spectral power for differences in gain and loss
trials (H,J) separately for the low- and high-effort con-
ditions. Similar to our findings in the Doors task, we
observed more positive ERP deflections between 250 and
350 ms following gains versus losses (main effect reward:
β ± SE = 1.04 ± 0.17, P < 0.001), confirming the predicted
RewP response in the effort–reward phase of the EDT.
Importantly, we also found a main effect of effort level
(β ± SE = 1.82 ± 0.24, P < 0.001), indicating a more posi-
tive RewP in high-effort compared with low-effort trials.
The effort × reward interaction effect was nonsignificant
(β ± SE =−0.06 ± 0.13, P = 0.656), suggesting that effort
exertion generally increased the amplitude of neural
responses in the time window of the RewP for both

gains and losses without affecting the relation between
outcome types (Fig. 4D).

Time–frequency decompositions revealed that the
effects observed for ERP amplitudes were mirrored
in delta but not theta band activity (Fig. 4E,F). More
specifically, delta power was significantly higher fol-
lowing gain versus loss outcomes (main effect reward:
β ± SE = 0.25 ± 0.06, P < 0.001) and following high com-
pared with low-effort levels (main effect effort: β ± SE =
0.76 ± 0.09, P < 0.001). There was again no signifi-
cant interaction between outcome and effort level
(β ± SE = 0.05 ± 0.05, P = 0.345) for delta power. On
the other hand, theta power was significantly higher
for losses compared with gains (main effect reward:
β ± SE = −0.14 ± 0.05, P = 0.012) but was unaffected
by effort level (main effect effort: β ± SE = 0.07 ± 0.06,
P = 0.219; effort × reward interaction: β ± SE = −0.01 ±
0.05, P = 0.822).

Individual Differences in Effort Discounting May
Modulate Gain-Related Delta Power in the EDT
In an exploratory analysis, we also considered whether
individual differences in behavioral effort discounting,
quantified by the individual discounting parameter k
estimated from choices in the EDT, were related to RewP
magnitude as well as delta and theta power—our main
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Figure 3. ERP responses, scalp topographies, and spectral power during reward feedback in the Doors task and the EDT. ERP waveforms represent an
average across electrode positions Cz, FC1, and FC2 (FCavg), depicting neural response to reward and loss feedback in the Doors task (A), low-effort trials
in the EDT (B), and high-effort trials in the EDT (C). “Difference” represents the gain minus loss difference. Scalp topographies show gain minus loss
difference between 250 and 350 ms following feedback onset (D–F). Time–frequency plots depict the difference in power between gain and loss trials at
FCavg in the Doors task (G), low-effort trials in the EDT (H), and high-effort trials in the EDT (J).

electrophysiological measures of reward sensitivity—
following high- and low-effort exertion.

To test this statistically, we added participants’ k-
values to the above-described regression models used to
predict response to feedback (i.e., time-domain-scored
RewP magnitude, and power in the delta and theta
bands) in the effort–reward phase of the EDT. The full
coefficient estimates for the three resultant models
are provided in Table 2. With respect to delta band
activity, we observed a significant effort × reward × k-
value interaction (P = 0.006), indicating that shallow-
discounting participants exhibit smaller differences in
delta power in response to gains versus losses, especially
following low- versus high-effort trials. These data
suggest that participants with smaller cognitive effort
costs (i.e., shallow effort discounters) may experience
rewards conferred by low-demand (or easy) tasks as less
valuable. In contrast, we observed neither significant
predictive effects of participants’ k-values upon RewP
amplitudes or theta power, nor interactions with reward
and effort level (all P > 0.227). Figure 5A depicts the
relationship between individual differences in effort
discounting and reward-dependent delta band activity

separately for participants displaying steep (high
k-value estimate) versus shallow (low k) effort discount-
ing rates (determined by a median split for visualization
purposes). As can be seen, activity in the delta band
for steep effort discounters resembles the overall RewP
pattern (Fig. 4E), with stronger activity following gains
versus losses and in high- versus low-effort trials.
Shallow discounters, on the other hand, only appeared to
manifest the expected gain-loss differentiation following
high-effort, but not low-effort trials (Fig. 5B).

Individual Differences in Reward Responsiveness
(Baseline RewPs) May Predict Effort Discounting
in the EDT
We were also interested in whether individual differences
in baseline reward processing—assessed by RewP magni-
tude in the standard Doors task—might predict effort-
based decision-making in the EDT. For an exploratory
analysis, we thus added the time-domain-scored ERP
responses to gains and losses in the Doors task as pre-
dictors to the logistic regression used to predict choices
in phase 2 of the EDT (full results are reported in Table 3).
As before, we found that choices were driven by the
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Figure 4. RewP measures in the Doors task and the effort–reward phase in the EDT. Electrophysiological responses to outcome feedback were averaged
across electrodes Cz, FC1, and FC2 (FCavg). In the Doors task, we saw larger ERP amplitudes and higher activity in the delta band in gain compared with
loss trials (A,B). Activity in the theta band, on the other hand, was higher for losses than for gains (C). We saw the same overall pattern of activity in
the effort–reward phase of the EDT. However, ERP amplitudes and delta power were markedly increased for both gain and loss outcomes in high-effort
trials compared with low-effort trials (D,E). Theta power was unaffected by the effort manipulation (F).

Table 2. Mixed-effects regression coefficients indicating the effects of effort, reward, and discounting behavior on RewP measures in
the EDT

RewP amplitude Delta Theta

Coefficients β (SE) P value β (SE) P-value β (SE) P-value

Intercept 0.11 (0.15) 0.44 3.28 (0.37) <0.001∗∗∗ 0.01 (0.12) 0.918
Effort 0.33 (0.04) <0.001∗∗∗ 0.69 (0.15) <0.001∗∗∗ 0.05 (0.05) 0.315
Reward 0.18 (0.04) <0.001∗∗∗ 0.13 (0.10) 0.205 −0.11 (0.04) 0.014∗

k-value 0.76 (0.63) 0.227 0.08 (0.29) 0.782 0.08 (0.12) 0.519
Effort × reward −0.02 (0.04) 0.631 0.23 (0.08) 0.007∗∗ −0.01 (0.04) 0.744
Effort × k-value 0.11 (0.17) 0.520 0.09 (0.12) 0.469 0.01 (0.05) 0.920
Reward × k-value 0.03 (0.17) 0.845 0.13 (0.08) 0.130 −0.04 (0.04) 0.335
Effort × reward × k-value −0.05 (0.17) 0.785 −0.18 (0.06) 0.006∗∗ 0.05 (0.04) 0.227

k-values were z-scored. Effort refers to effort level (high vs. low). Reward refers to outcome identity (gain vs. loss). k-value refers to the model-derived effort
discounting parameter of each participant. ∗p < .05, ∗∗p < .01, ∗∗∗p < .001.

interplay of effort level (main effect effort: P < 0.001)
and reward magnitude (main effect reward: P < 0.001;
effort × reward interaction: P = 0.001) on offer. Interest-
ingly, we also saw a significant effort × gains interac-
tion (P = 0.003), suggesting that participants with a larger
RewP in response to gain trials in the Doors task were
more likely to choose high-effort/high-reward offers in
the EDT, especially when the effort level was intermedi-
ate (levels 4 and 5, see Fig. 6). In addition, we found an
unexpected main effect of ERP responses to loss trials
in the Doors task on choice behavior (P < 0.001), sug-
gesting that smaller loss responses (i.e., more negative
deflections of the ERP in the time window of the RewP)
were associated with higher acceptance rates of high-
effort/high-reward trials.

In light of the exploratory approach to our individual
difference analyses, we aimed to evaluate the plausibility

of our findings by computing a sensitivity analysis for
each effect of interest that allowed us to compare our
regression weights with the smallest effect we would
have been able to detect in our sample with a power
of 80%. Overall, these sensitivity analyses indicated that
our findings are reliable. For a detailed overview of the
results, refer to Supplementary Table S2.

Discussion
The last decade has seen a surge of interest in the
neurocognitive mechanisms underlying cost–benefit
decision-making about effort expenditure as well as
effort-related effects on reward processing (Shenhav
et al. 2013; Botvinick and Braver 2015; Chong et al.
2017). While there is substantial evidence suggesting
that the prospect of effort may reduce the value of
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Figure 5. Effects of individual differences in effort discounting on delta power in response to outcome feedback. Participants whose choice behavior
indicated steep discounting (i.e., a high sensitivity to effort costs) displayed higher delta power toward gains compared with losses in both high- and
low-effort trials (A). In shallow discounters, this difference is only apparent in high-effort trials but not in low-effort trials (B).

Table 3. Mixed-effects regression coefficients indicating the effects of effort, reward, and ERP responses to gains and losses in the
standard Doors task on participants’ choice behavior in the EDT

Coefficient β (SE) z-value P-value

Intercept 2.72 (0.38) 7.01 <0.001∗∗∗

Effort −1.48 (0.14) -10.57 <0.001∗∗∗

Reward 0.73 (0.15) 5.03 <0.001∗∗∗

Doors gains 0.10 (0.47) 0.20 0.839
Doors losses −1.08 (0.29) −3.79 <0.001∗∗∗

Effort × reward 0.18 (0.06) 3.23 0.001∗∗

Effort × Doors gains 0.39 (0.11) 3.01 0.003∗∗

Reward × Doors losses 0.08 (0.10) 0.82 0.413
Doors gains × Doors losses 0.01 (0.28) 0.01 0.990
Effort × reward × Doors gains 0.01 (0.05) 0.05 0.959

ERP responses were z-scored. Effort refers to effort level (high vs. low). Reward refers to outcome identity (gain vs. loss). Doors gains and Doors losses refer to
participants’ baseline RewP amplitudes measured for gain and loss trials in the Doors task. ∗p < .05, ∗∗p < .01, ∗∗∗p < .001.

Figure 6. Relationship between RewP responses to gain feedback in the
Doors task and choice behavior in the EDT. Participants with larger ERP
amplitudes toward gains in the Doors task were more willing to accept
high-effort/high-reward offers for intermediate effort levels 4 and 5. This
relationship was not present in low or very high-effort levels.

anticipated rewards tied to effort exertion—and, in
turn, the willingness to engage in cognitively demand-
ing behavior (Westbrook and Braver 2015; Kool and
Botvinick 2018), it remains unclear whether prior
effort exertion enhances—versus attenuates—neural

and/or psychophysiological indices of the SV of ensuing
outcomes (Botvinick et al. 2009; Hernandez Lallement
et al. 2014; Ma et al. 2014; Dobryakova et al. 2017; Yi et al.
2020; Harmon-Jones, Clarke, et al. 2020; Bowyer et al.
2021).

Here, we provide evidence in support of the idea that
cognitive effort exertion may in fact increase partici-
pants’ response to reward feedback as measured by the
RewP, an ERP component specifically associated with
reward valuation (Bernat et al. 2015; Foti et al. 2015;
Proudfit 2015). In accordance with our hypothesis, we
found that exerting more cognitive effort amplified the
magnitude of the RewP in response to gains conferred by
this effort. However, while some previous work implied
that effort might selectively enhance RewP amplitudes
toward gains but not to losses (Ma et al. 2014), we also
found larger positive deflections of the ERP responses to
losses following high- versus low-effort trials, indicating
a weaker neural response to losses (i.e., smaller loss-
related negative deflections of the ERP) in these trials.

To better understand this result, we used time–
frequency decompositions to isolate activity related to
delta and theta frequency bands that have previously
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shown to differentially contribute to the RewP (Bernat
et al. 2015; Weinberg et al. 2021). This analysis revealed
that high-effort trials resulted in increased power in the
gain-related delta band for both gain and loss feedback.
In contrast, power in the loss-related theta band was
only sensitive to outcome type (gain vs. loss), and not
effort level. In other words, it appears as if the effects
of cognitive effort exertion on the RewP, that is, the
enhanced positive deflections of the ERP, specifically
depend on effort-related modulations of activity in the
reward-sensitive delta band, independent of outcome
type. Such specific increases in delta but not theta
power have previously been related to changes in the
participants’ processing of higher order characteristics
of the task. More precisely, prior research has shown that
while both delta and theta band activities are sensitive
to outcome type, delta power can also be modulated
by more complex task features such as experimental
context or participants’ expectations toward reward-
related feedback (Bernat et al. 2015; Watts et al. 2017;
Watts and Bernat 2018), as well as more external
manipulations such as psychosocial stress induction,
that have been argued to affect the motivational saliency
of reward feedback (Ethridge et al. 2020). As such, it is
possible that increases in cognitive effort exertion in our
task might have enhanced the perceived value of both
outcome types similarly.

Alternatively, the fact that effort increased RewP
amplitude and delta power similarly for gain and loss
trials may be, in part, a result of coupling task success
with reward versus loss receipt in our task paradigm.
More specifically, to ensure an equal trial count in
all conditions of the effort–reward phase of the EDT
and to dismiss trials in which participants had not
exerted a minimum amount of effort, only trials for
which the participant succeeded on the effortful task
provided gain/loss feedback, while failed trials were
replayed. Thus, it is possible even after loss feedback
that a participant derived value simply from the fact
that they managed to complete a high-effort trial
successfully (which would be conferred by either gain
or loss feedback). Another possibility to consider here
is that participants knew they had to replay failed
trials. As such, completing a trial successfully and thus
avoiding a replay might have led to a feeling of relief,
even in loss trials, which has been shown to modulate
the RewP and that might have been greater for high-
effort trials compared with low-effort trials (Gheza et al.
2018). Relatedly, failing a trial might carry an additional
cost, as it would have prolonged the experimental
session, and accordingly, performing well could have
further increased the SV of a gain or loss outcome.
While the present design is not suited to disentangle
these possibilities, systematically varying the coupling
between performance and reward feedback may be a
fruitful avenue for future investigations. Still, we should
note that while this feature of our task design could
conceivably explain the effort-related increase in RewP

amplitude and delta power in loss trials, we do not think
it explains why we did not observe a stronger effort
modulation of the RewP in gain versus loss trials, a
pattern that has been previously observed in studies
employing similar designs (in which only successful
trials led to reward feedback (Ma et al. 2014; Yi et al. 2020).
Moreover, if we had observed a specific effect of effort on
gain trials, it should have still been detectable above and
beyond the contributions of performance feedback, given
that the potential reward for successfully finishing a trial
would have been constant across gain and loss feedback.

Our results contribute to the small but growing litera-
ture examining the interplay between effort exertion and
reward valuation indexed by the RewP (Ma et al. 2014;
Krigolson et al. 2015; Gheza et al. 2018; Umemoto et al.
2019; Yi et al. 2020; Harmon-Jones, Clarke, et al. 2020;
Bowyer et al. 2021). Given the nascent state of this line
of research, it is not surprising that findings so far have
been inconsistent, with some studies reporting larger,
others smaller RewPs in response to reward outcomes
following effort exertion. This heterogeneity of results
might stem in part from substantive differences in study
design across these experiments, including the type of
effort manipulated, operationalization of task demand
levels, or outcomes used to elicit RewP responses. In
addition, some tasks include an inherent time-on-trial
difference between effort conditions (i.e., low-effort trials
might take less time to complete than high-effort tri-
als), present performance feedback and reward feedback
sequentially, or introduce a considerable delay between
task completion and feedback presentation (Ma et al.
2014; Bowyer et al. 2021), which has been shown to affect
RewP responses (Weinberg et al. 2012). To avoid most
of these pitfalls, the critical effort–reward phase in our
paradigm was specifically designed to closely resemble
established tasks in the RewP as well as the cognitive
effort discounting literature, namely the Doors task and
the EDT (Foti et al. 2015; McGuigan et al. 2019).

Another potential explanation for the inconsistent
effects of effort exertion on RewP magnitudes previ-
ously observed are the well-documented individual
differences in reward responsiveness to rewarding
feedback (Ethridge and Weinberg 2018) as well as
subjective cognitive effort costs (Westbrook et al. 2013;
Chong et al. 2017). For example, recent work finds that
individuals low in intrinsic motivation to exert effort—
operationalized by the Need for Cognition (Cacioppo
et al. 1984)—exhibit more pronounced effort discounting
and are more likely to increase cognitive effort exertion
for incentives (Westbrook et al. 2013; Sandra and Otto
2018). As such, intrinsic motivation to exert effort
might bear upon the valuation of reward conferred by
effort, possibly observable in modulations of the RewP
(Harmon-Jones, Clarke, et al. 2020). Here, we examined
individual differences in effort discounting rates of
anticipated rewards relate to reward valuation using
the same cognitive task (i.e., the EDT). We observed that
choice behavior in the EDT closely mirrored previous
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findings on effort-based choice (Chong et al. 2017;
McGuigan et al. 2019; Massar et al. 2020) and that
choices were consistent with a cost–benefit trade-off
between effort and anticipated rewards (Shenhav et al.
2013; Westbrook and Braver 2015; Kool and Botvinick
2018). Furthermore, computational modeling revealed
that participants’ choice behavior was best captured by
a linear effort discounting function, which follows the
results of McGuigan et al. (2019), who employed a very
similar version of the EDT.

While individual participants’ discounting rates in
the choice phase were not related to RewP amplitude
or theta band activity in the effort–reward phase of the
EDT, we did find that individual differences in behavioral
effort discounting modulated activity in the reward-
sensitive delta band. Specifically, the otherwise apparent
higher delta power for gains compared with losses
disappeared in low-effort trials for shallow discounters,
that is, participants who were more inclined to engage
in high-effort trials in the choice phase of the EDT.
This implies that participants who were less sensitive
to the costs of effort may have ascribed less value to
gain feedback than steeper discounters when it was
received without much effort. In addition, we saw that
participants who displayed larger RewP amplitudes in
gain trials in the Doors task were more likely to accept
high-effort/high-reward offers in the choice phase of
the EDT, suggesting that individuals who were more
responsive to positive reward feedback were also more
willing to acquire larger rewards despite the required
effort. This was especially apparent in trials with
intermediate task demand (Fig. 6), possibly suggesting
that participants were less certain about their choices
in these trials compared with trials with very low-effort
or very high-effort demands, increasing the influence
of individual differences in reward sensitivity to affect
decision-making. Taken together, these results highlight
the importance of examining individual difference
measures of both reward and effort sensitivity in
understanding how cognitive effort exertion modulates
reward responsiveness. At the same time, it is important
to note that our individual differences analyses were
exploratory in nature and that, owing to our study’s
sample size, may not be sufficiently powered to make
conclusive statements about the predictive effects
of RewP magnitudes or effort discounting. Conse-
quently, our results speak to the need for independent,
high-powered replication studies to better understand
these individual differences.

Interestingly—and in contrast to the relatively nascent
discussion in the EEG literature—the notion that past
effort may retrospectively increase the value of outcomes
tied to effort exertion finds support across a number
of lines of work in psychology. For example, people are
willing to pay more money for furniture they build
themselves compared with off-the-shelf products (the
so-called “IKEA effect”; Norton et al. 2012), more willing
to follow courses of action they have already put effort
in, even if the outcome is objectively less desirable (e.g.,

“sunk cost” effects; Arkes and Blumer 1985; Yan and Otto
2020), and less willing to share money earned by effortful
behavior compared with money earned without effort
(Muehlbacher and Kirchler 2009). Proposed explanations
for such effects emphasize differences in emotional
states between aversive effort exertion and more
positive reward consumption (“contrast effect” or “state-
dependent valuation”) as well as cognitive processes
to rationalize prior effort investments—for instance,
through an effort justification mechanism (Festinger
1957; Bem 1967; Alessandri et al. 2008; Pompilio and
Kacelnik 2010; Harmon-Jones, Clarke, et al. 2020). Indeed,
the observation that effort exertion enhances reward
responsivity is, conceptually, in line with these past
behavioral findings.

Finally, although this study aimed to investigate
the effects of cognitive effort exertion on subsequent
reward processing in young, healthy adults, our findings
might have useful implications for clinical research.
More specifically, changes in the neurocomputational
mechanisms supporting effort-based decision-making
have been recently proposed to underlie motivational
deficits and syndromes like apathy and anhedonia that
are prevalent in many psychiatric and neurological
conditions, including major depression, schizophrenia,
and Parkinson’s disease (Chong et al. 2015; Park et al.
2017; Husain and Roiser 2018; Le Heron et al. 2018). While
blunted RewP responses, and specifically reductions in
gain-related delta band activity, have been shown to
be associated with (and predictive of the development
of) depressive symptoms (Bress et al. 2013; Weinberg
et al. 2015), it has yet to be shown whether previously
exerted effort differentially affects reward valuation at
outcome delivery in people with depression. An improved
understanding of how effort and reward information are
integrated at different stages of reward processing in
health and disease may help to develop new or more
specific treatment options for individuals suffering from
amotivational symptoms.

In conclusion, we provide evidence that the exer-
tion of cognitive effort increases electrophysiological
correlates of reward processing during subsequent
outcome delivery. Specifically, participants exhibited
larger ERP amplitudes to both gain and loss feedback in
high-effort trials compared with low-effort trials. Time–
frequency decomposition revealed that this effect was
primarily driven by oscillations in the gain-related
delta frequency, whereas loss-related theta power was
unaffected by our effort manipulation. Cognitive effort
exertion thus may have increased the motivational value
of both outcome types. Finally, we observed that indi-
vidual differences in effort discounting for anticipated
rewards may modulate the canonical gain–loss differen-
tiation in delta power, implying that participants who
are more sensitive to cognitive effort evaluate ensuing
rewards differently from less effort-sensitive individuals.
Although more work is still necessary to fully understand
the inconsistent observations in the literature, our
findings provide new insights into the cognitive and
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neural mechanisms underlying the modulating effects
of effort exertion on reward valuation.

Supplementary Material
Supplementary material can be found at Cerebral Cortex
online.
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