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Neuroscientiﬁc studies reliably demonstrate that rewards play a crucial role in guiding our choices when confronted with diﬀerent eﬀortful actions we could make. At the same time, psychological and economic research
shows that eﬀort we exert is not reliably predicted by the rewards we end up receiving. Why the mismatch
between the two lines of evidence? Inspired by neuroscientiﬁc literature, we argue that value-based models of
decision-making expose the complexity of the relationship between eﬀort and reward, which changes between
two crucial stages of the eﬀort-based decision making process: Choice (i.e. action selection) and Execution (i.e.
action execution involving actual eﬀort exertion). To test this assumption, in the present study we set up two
experiments (E1: N = 72, E2: N = 87), using a typical neuroscientiﬁc eﬀort-based decision-making task. The
ﬁndings of these experiments reveal that when making prospective choices, rewards do guide the level of eﬀort
people are prepared to exert, consistent with typical ﬁndings from Neuroscience. At a later stage, during execution of eﬀortful actions, performance is determined by the actual amount of eﬀort that needs to be exerted,
consistent with psychological and behavioral economic research. We use the model we tested and the ﬁndings
we generated to highlight critical new insights into eﬀort-reward relationship, bringing diﬀerent literatures
together in the context of questions regarding what eﬀort its, and the role that values play.

1. Introduction
The implicit assumption underlying neuroscientiﬁc investigations of
eﬀort is that rewards drive eﬀort exertion [e.g. 1–3], but psychological
and behavioral economic investigations suggest that during action execution task demands determine behavioural output, while rewards
play little or no role [4–7]. Can the conﬂicting opinions on eﬀort and
rewards between disciplines be reconciled? Our view is that they can –
in this paper we propose a novel Choice-Execution model of decision
making which combines insights from psychological and behavioural
economic literature with the current neuroscientiﬁc understanding of
eﬀort-based decisions, redeﬁning the relationship between eﬀort and
rewards.
Existing investigations of the neuronal correlates of eﬀort-based
decisions are typically informed by models of value-based decisionmaking [8–13]. These models assume that rewards, discounted by the
costs associated with them (e.g., risk, uncertainty, delay, eﬀort) determine the choices and actions we make. Eﬀort-based decision-making
is typically seen as a special case of value-based decision-making in
which the cost is attached to an action rather than an outcome [14,15],
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but the underlying reward discounting mechanism which drives behaviour is thought to be the same. This proposal is at odds with psychology and behavioral economics, as existing evidence from these
domains suggests that initial considerations of eﬀort and reward taking
place when action is to be selected might be diﬀerent from the considerations one engages in when one is about to execute an action.
This point has been made by Akerlof [16] in the behavioural economics domain and Brehm and Self [17] in the psychology domain.
Akerlof’s [16] seminal work shows that when choosing between options
people tend to concentrate on rewards, underestimating the amount of
eﬀort required. As execution approaches, the eﬀort costs start to loom
large, which results in increased impact of eﬀort requirements on performance. Similarly, Brehm and Self [17] suggested that behaviour
during action execution is driven primarily by eﬀort requirements.
During this stage eﬀort associated with an action is of primary concern
to the decision-maker, while rewards are only used as a benchmark to
assess if this eﬀort is worth incurring. Taken together, existing economic and psychological evidence suggests that there is a diﬀerential
involvement of rewards and eﬀort in guiding the outcome of choice and
execution. During choice, eﬀort cost tends to be underweighted and so
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decision making as consisting of two separate stages: Choice (deciding
between options associated with diﬀerent amount of eﬀort and reward)
and Execution (exerting eﬀort to obtain the desired reward). Based on
the seminal works by Akerlof [16] and Brehm and Self [17], we propose
that there is a diﬀerential involvement of rewards and eﬀort in guiding
the outcome of the Choice and Execution stages. During Choice, eﬀort
cost tends to be underweighted and so rewards become the predominant driver of behaviour. In contrast, during the Execution stage,
the subjective cost of eﬀort becomes an important basis for determining
how much eﬀort is exerted, while rewards govern the potential motivation, so the maximum level of eﬀort an individual is willing to put in
a task. Linking psychological and economic theories, we suggest that
this potential motivation is determined by the subjective value of the
chosen option.
While existing ﬁndings provide encouraging support for our proposals for separating eﬀort-based decision-making into Choice and
Execution, we are motivated to test the model with respect to the following limitations: 1) the neuroscientiﬁc experiments described above
did not investigate directly the diﬀerences between Choice and
Execution [with one exception, see: 31], as the implicit assumption of
the value-based models guiding these explorations was that both stages
were driven by the same cost/beneﬁt calculations; 2) psychological and
economic investigations comparing the cost/beneﬁt analysis between
Choice and Execution have not generally explored eﬀort-based decision-making in the methodological context employed in neuroscientiﬁc
investigations. Taken together, these limitations restrict the transferability of existing ﬁndings, as task structure and complexity is thought
to have direct inﬂuence on the processes involved in decision-making
[17,75–77]. In this paper we aimed to address this by testing ChoiceExecution model in two behavioural experiments based on methodology commonly used in neuroscientiﬁc studies.
In these experiments, in line with the proposed model, we expected
to see:

rewards become the predominant driver of behaviour [16]. In contrast,
during the execution stage, the subjective cost of eﬀort becomes an
important basis for determining how much eﬀort is exerted, while rewards govern the potential motivation an individual has in putting effort into a task [16,17].
Interestingly, there is converging evidence from neuroscientiﬁc
studies showing that there are diﬀerences in the parts of the brain activated when ‘choosing’ from those activated when ‘executing’ an action, above and beyond what would be expected if the same valuation
process guided both stages [18]. For instance, neuroeconomic studies
have identiﬁed ventromedial prefrontal cortex (vmPFC), anterior cingulate cortex (ACC), midbrain dopaminergic structures (particularly
dorsal and ventral striatum), supplementary motor area (SMA) and
insula as crucial for eﬀort-based decision-making, both for immediate
as well as prospective and whole body eﬀort [1–3,19–28]. Closer
scrutiny of the available literature reveals that some of these structures
(vmPFC, ACC, dorsal striatum) are found to be active primarily in
studies exploring choice [3,15,29–35], while activations in others
(ventral striatum, SMA) are mainly observed in studies investigating
execution [23,26,36–38]. Such pattern of activity is in line with the
distinction between choice and execution we make in this paper, as
demonstrated in the next section.
Behavioral economic evidence suggests that during choice the focus
of decision maker is on rewards. In line with this statement, studies
exploring eﬀort-based choice have commonly observed activations in
vmPFC, which is believed to be involved in reward processing [e.g.
39–44], particularly encoding the subjective value of available rewards
[e.g. 30,40,42–47]. Reward related information encoded by the vmPFC
is thought to be relayed to the ACC [e.g. 11,48–50]. Recent evidence
suggests that ACC is crucial for translating the reward information into
invigorating signal and assigning appropriate vigor to the actions that
follow [e.g 51–56]. This would make it an important intermediary
between the Choice and Execution stages, along with the dorsal
striatum, responsible for encoding and expression of action-outcome
associations and the selection of actions on the basis of their expected
reward value [e.g 57–59].
Moving on to Execution, once a choice has been made and appropriate action selected, translation of this information into behavioural
output is likely to be mediated by corticostriatal connections linking the
ACC to the ventral striatum [60,61]. While ACC has been found to play
a role in eﬀort-based execution in a number of studies, particularly
those exploring mental eﬀort [1,62–70], activations in this structure
have mostly been observed while extrinsic rewards were absent. In the
presence of rewards, ventral striatum activation was more common
[23,26,36,37]. This activation is thought to represent the value of reward discounted by the amount of eﬀort to be invested [1,23,26,36,71].
Ventral striatum was also found to play a role during outcome evaluation after eﬀortful action [2,20]. Most importantly, ventral striatum
has been implicated in encoding incentive motivation – translating
monetary values into greater eﬀort exertion [37,72–74], which makes
this structure a good candidate for processing potential motivation. To
complete the picture, eﬀort costs during execution have consistently
been found to be reﬂected in sensorimotor integration areas of cingulate cortex and supplementary motor (SMA) [1,3,24,31], while structures traditionally thought to be involved in reward processing are not
commonly found to be active during this stage (with the exception of
ventral striatum). This ﬁts with our suggestion that during execution
decision maker focuses primarily on eﬀort costs, while rewards aﬀect
eﬀort indirectly through determining the maximum eﬀort an individual
is willing to exert, a process possibly mediated by the ventral striatum.
The case for dividing eﬀort-based decision-making into choice and
execution, made in the psychological and behavioral economic literature, is strengthened by the results of the neuroscientiﬁc explorations
which point to potential diﬀerences in neuronal activation between
these two stages. Bringing together these literatures, we propose a novel
Choice-Execution model, which formally conceptualises eﬀort-based

Hypothesis 1. greater inﬂuence of ﬁnancial incentives (either gains or
losses) on behaviour during the Choice stage, while eﬀort exertion on
individual trials would be driven primarily by the task demands.
Hypothesis 2. greater overall eﬀort exertion in tasks where the
ﬁnancial incentives were higher, due to increased potential
motivation on these tasks.

2. Materials and methods
2.1. Participants
In total, 159 research volunteers from Queen Mary University of
London were recruited for the two experiments. All investigations were
performed in accordance with Queen Mary University of London
guidelines and policies referring to human participation studies and
received ethics approval from Queen Mary University of London
Research Ethics Committee. Informed consent was obtained from all
subjects. Participants were also made aware that they could withdraw
from the study at any point, including after the experiments have ﬁnished.
Seventy-two participants (11 males) were recruited for Experiment
1. Mean age of the participants was 21.92 (SD = 3.54).
Eighty-seven participants (35 males) were recruited for Experiment
2. The mean age of the remaining participants was 20.57 (SD = 2.46).
2.2. Materials
For the purpose of the investigations described in this paper a novel
eﬀort-based task was created but inspired by typical neuroscientiﬁc
paradigms. The task was programmed using Matlab 2012a with
Psychtoolbox 3 extension [78] and presented to participants on a 19″
2
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mental eﬀort [20,79–83]. Turing the physical eﬀort trials signs indicating the level of eﬀort to be achieved (e.g. ‘Level 1′ – low eﬀort,
‘Level 3′ – high eﬀort) appeared on the screen. Participants had to
squeeze the hand grip device with an appropriate strength to successfully complete a trial. Their grip strength was used as a measure of
physical eﬀort exertion.

monitor using an IBM computer. Participants’ role during the task was
to exert mental eﬀort solve simple mathematical equations and physical
eﬀort squeeze a hand grip device to obtain small monetary rewards.
Participants’ responses were recorded using a standard keyboard
mental eﬀort and a grip force transducer physical eﬀort forming a part
of fORP 932 Subject Response Package, developed by Cambridge Research Systems. The maximum grip strength measured by the transducer was 100 N on a scale from 0 to 35000. No individual calibration
of the hand grip device was therefore possible, due to equipment limitations. To ensure the validity of the physical eﬀort manipulation,
further checks were conducted in a pilot study preceding the experiment, at the beginning of the eﬀort task and during data analysis, as
described below.

2) Eﬀort Level manipulation: High vs. Low
There were two levels of eﬀort that could be exerted: High and Low.
During the ‘High’ eﬀort trials participants had to solve three equations
appearing on the screen (mental eﬀort) or squeeze the hand grip device
with the strength which represented the force of 75 Newtons (equivalent to approx. 7.65 kg - physical eﬀort). During the ‘Low’ eﬀort trials
participants had to solve one equation (mental eﬀort) or squeeze the
joystick with the strength which represented the force of 15 Newtons
(equivalent to approx. 1.53 kg - physical eﬀort). Relatively low overall
eﬀort levels required in the task were chosen to minimise the eﬀects of
fatigue on behaviour during the multi-trial Execution phase. To make
sure that the level required was non-trivial (i.e. too little to elicit
changes in behaviour between High and Low eﬀort trials) we conducted
a pilot study on 10 participants (4 males), which conﬁrmed that High
eﬀort trials were considered more eﬀortful than Low eﬀort trials for
both mental and physical eﬀort. The analysis of experimental data
further conﬁrmed the validity of the eﬀort manipulation, showing clear
diﬀerences in preferences and performance between the trials.

2.3. Experimental design
The task consisted of three stages: Training (not included in the data
analysis), Choice, and Execution. During Training participants had a
chance to gain experience with the task by solving simple mathematical
equations and squeezing the hand grip device. During the Choice stage
participants had to choose between two options presented on the
computer screen associated with diﬀerent levels of eﬀort and reward.
During Execution participants had to exert eﬀort determined by the
chosen option by solving simple mathematical equations or squeezing
the hand grip device depending on whether physical or mental eﬀort
was required. The Training phase was formed of 16 trials, while Choice
and Execution phases consisted of 48 trials each. Visual features of the
Choice and Execution stages, based on tasks typically used in neuroscientiﬁc investigations involving fMRI [1,2,24,36], are presented in
Fig. 1.
The following factors were manipulated in the task: 1) Eﬀort Type
(Mental vs. Physical), 2) Eﬀort Level (High vs. Low), and 3) Reward
Level (High vs. Low):

3) Reward Level manipulation: High vs Low
Participants experienced two types of reward trials: High and Low.
On the ‘High’ reward trials participants had a chance to win 15p. On the
‘Low’ reward trials participants could win 5p.
2.3.1. Experimental manipulations
While the basic outline of the task as well as eﬀort manipulations
remained the same across experiments, certain features of the task
changed from Experiment 1 to Experiment 2:
In Experiment 1 magnitude of reward was manipulated, as one
group of participants (Large Incentives) received higher rewards. In
‘High’ reward condition these participants could gain 30p, whereas in
the ‘Low’ reward condition they could win 10p. The other group of
participants (Small Incentives) completed the baseline task for which
the ‘High’ reward was 15p, and the ‘Low’ reward was 5p.
In Experiment 2 one group of participants (Loss) exerted eﬀort to
avoid losing money. This group of participants were awarded £6.40 to
begin with, and depending on their performance they would incrementally lose amounts of money depending on High or Low losses;
the value awarded was calculated based on the maximal amount that
the high achieving participants had gained in Experiment 1.
Throughout the experiment they experienced two types of trials: ‘High

1) Eﬀort Type manipulation: Mental vs. Physical
During the mental eﬀort trials simple mathematical equations
(single digit additions, subtractions or multiplications, e.g. 2 + 4 = 6 or
5*3 = 7) appeared on the screen. Half of the equations presented to
participants during the experiment were solved incorrectly (correct
answer ± (1:3)). Correct and incorrect equations were distributed
randomly between trials. Participants’ role was to indicate if an equation was solved correctly or not by pressing an appropriate button on
the keyboard. Participants had to solve all the equations appearing on
the screen to successfully complete a trial. Response times were used as
a measure of eﬀort exerted during this task. While both increased and
decreased response times could be considered indicators of increased
mental eﬀort exertion, we assumed that in this task greater mental effort exertion would be associated with increased response times, in line
with the results of previous studies using similar paradigms to measure

Fig. 1. Example visual display from the Choice and Execution phases of the computerised eﬀort-based decision-making task.
3
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Stakes’ (losing 15p) or ‘Low Stakes’ (losing 5p) trials. The other group of
participants (Gain) completed the baseline task in which participants
aimed to increase their gains, by starting oﬀ with no awards, but depending on performance would accumulate rewards across trials.

achieved or not. At the end of each trial participants received feedback
about whether the trial was completed successfully. Each successful
trial contributed to the participant’s ﬁnal pay out. This set up allowed
us to directly investigate the diﬀerences in grip strength, response times
and accuracy on high and low eﬀort trials and high and low reward
trials. If behaviour was driven by rewards, as suggested by some of the
literature, we expected to observe a modulation of grip strength, response times and accuracy in line with rewards across trials. We also
expected to see some modulation of behaviour in line with the eﬀort
requirements, as evidence of successful eﬀort manipulation.

2.3.2. Procedure
The visual layout of the screen, cover story and instructions were
identical for both experiments. Participants were informed that they
would be required to exert mental and physical eﬀort to obtain small
monetary rewards (Experiment 1) or to avoid losing money that was
given to them at the beginning of the experiment (Experiment 2). They
were also told that they would be able to choose between diﬀerent
combinations of eﬀort and reward before they would be required to
actually put in eﬀort.
The experiment began with a short demonstration during which
participants had a chance to familiarize themselves with the visual
characteristics of the task and practice using the joystick. Since the
maximum grip strength that could be measured by the joystick (i.e.
100 N) was below average maximum grip strength for males (approx.
420 N) and females (approx. 240 N) as reported by Mathiowetz et al.
[84], it was assumed that all participants would be capable of achieving
the grip strength thresholds required in this task. This assumption was
conﬁrmed by the experimenter for each participant on an individual
basis during the short initial demonstration.
The demonstration was followed by the Training phase, consisting
of 16 trials, during which participants experienced diﬀerent levels of
eﬀort and reward. While no calibration of the hand grip device was
conducted, diﬀerences in responding between high and low eﬀort trials
were observed during the training phase, with participants squeezing
harder on high eﬀort trials, suggesting that the eﬀort required in the
task was non-trivial and suﬃcient to elicit the eﬀort conservation
principle on low eﬀort trials.
The Training phase was followed by the Choice phase, during which
participants had to choose which option they would prefer to execute
later on in the experiment. In total, there were four alternatives available in the course of the Choice phase: High Eﬀort/High Reward (HE/
HR), High Eﬀort/Low Reward (HE/LR), Low Eﬀort/High Reward (LE/
HR) and Low Eﬀort/Low Reward (LE/LR). On any given trial, only two
of these alternatives were available on the screen, and participant had
to choose one. This set up directly mimics the choice phases typically
available to participants in fMRI studies [1,24]. Most choices participants faced could be considered obvious (i.e. a choice between LE/HR
and HE/LR or LE/HR and HE/HR, where we expected consistent preference for the former), but some were non-obvious (i.e. a choice between HE/HR trials and LE/LR trials). The purpose of setting up the
Choice phase in this way was to investigate weather, when faced with a
non-obvious choice, participants would decide based on eﬀort or reward level. If they made their choices based on reward values, we expected participants to be signiﬁcantly more likely to choose the HE/HR
over LE/LR option, whereas if their choices were based on eﬀort we
expected participants to have a preference for the LE/LR option over
the HE/HR option. If eﬀort and reward were considered by the decision
maker to be equally important, we expected participants to be just as
likely to choose both options. Participants made their choice by
pressing an appropriate button on the keyboard, after which the chosen
option would be highlighted in green and the trial would terminate.
Participants had an unlimited time to make their decision. Participants
were aware that their choices would determine the trials they would
encounter in the Execution phase where they would be required to put
in physical or mental eﬀort.
In the Execution phase, on each trial participants were ﬁrst reminded of their choice and then they had to execute it by either
squeezing the hand grip device or solving the equations appearing on
the screen. Participants were also instructed that they had to perform
the trial under deadline (under 4.5 s). Each trial disappeared from the
screen after 4.5 s regardless of whether the required level of eﬀort was

2.4. Statistical analyses
Statistical package R v. 3.1.1 [85] was used to analyse the data.
Package ‘lme4’ was used for modelling purposes [86]. Response times
during execution trials were trimmed: those shorter than 100 ms and
longer than 4.5 s were excluded from the analysis, so that the data
analysed would be contained in the middle 95 % of the distribution, in
line with the methods commonly used to deal with reaction time outliers, as described by Ratcliﬀ [87] and Whelan [88].
Linear mixed models (LMMs) and generalized linear mixed models
(GLMMs), appropriate for dealing with unbalanced designs [89–91]
were used to analyse the data. Choice data was analysed using GLMMs
assuming binomial distribution.
2.4.1. Model speciﬁcation
For each analysis (Choice, Execution: Grips Strength and RT,
Accuracy), the full model which formed the starting point for the investigations included the following ﬁxed factors: Eﬀort (High vs. Low),
Reward (High vs. Low), and Condition (E1: Large Incentives vs. Small
Incentives; E2: Loss vs. Gain) and all their interactions. Since no individual calibration of the hand grip device was conducted, participants’ gender was also added as a ﬁxed factor, to control for potential
diﬀerences in how eﬀortful the task was for males and females. To
further control for the potential eﬀects of fatigue on participants’ performance during the Execution phase, experimental data from this
phase was divided into four blocks (six trials each), and the resulting
variable Block was included included as a ﬁxed factor. Participant ID
was added as a random factor in the models, to reﬂect repeated measures design of the experiments. Strength and RT models also included a
random slope for eﬀort, as such models were found superior in comparison to the model with just an intercept, based on Akaike
Information Criterion [90–92].
The dependent variables analysed were: Grip Strength (physical
eﬀort only), Response Times (mental eﬀort only), Choice, and
Accuracy. Grip strength was the measurement obtained from the hand
grip device. Response times represented the time it took participants
per trial to solve the equations appearing on the screen within the 4.5 s
limit. Choice and Accuracy were binomial variables, representing the
number of selections of a given trial type out of n trials it was available
on (e.g. HE/HR trial was selected 12 times out of 24 trials it was
available on) (Choice), or the number of successes out of n trials
(Accuracy).
In Experiment 2 during Choice analysis ‘Attractiveness’ (High vs.
Low) of an option was entered as a factor into the analysis instead of
Reward. Options involving high reward (+15p) or low loss (-5p) were
coded as High in attractiveness, whereas options involving low reward
(+5p) or high loss (-15p) were coded as Low in attractiveness. In the
same experiment, during the analysis of behavioral measures and accuracy, ‘Stake’ (High vs. Low) was entered into the analysis instead of
Reward. High Stakes represented trials during which participant could
win or lose 15p, whereas Low Stakes represented trials during which
participants could win or lose 5p.
2.4.2. Model diagnostics, parameter estimation and model selection
For LMMs, the assumptions of normality and homogeneity of
4
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Also in support of Hypothesis 1, during the Execution stage, eﬀort
requirements were found to be the primary determinant of behaviour.
As far as physical eﬀort trials were concerned, the model that best
ﬁt the experimental data (based on AIC) included Eﬀort and Reward as
ﬁxed factors, and a random slope for Eﬀort. This model was signiﬁcant
(χ2(2) = 182.71, p < .001). For mental eﬀort trials, the ﬁnal model
included Eﬀort, Condition, and an interaction between them as ﬁxed
factors, and a random slope for Eﬀort. This model was signiﬁcant
(χ2(3) = 210.04, p < .001). Model parameters are presented in
Table 3.
On both mental and physical eﬀort trials, the level of eﬀort required
was found to be a signiﬁcant predictor of the actual amount of eﬀort
that was exerted (Mental Eﬀort: χ2(2) = 150.67, p < .001, Physical
Eﬀort: χ2(1) = 156.93, p < .001), with participants squeezing the
joystick harder (β=-52.6, SE=2.23, t=-23.54, p < .001) or taking
more time to deliberate (β=.59, SE=.03, t = 20.12, p < .001) on high
eﬀort trials.
Rewards were found to be a signiﬁcant predictor of behaviour on
physical eﬀort trials (χ2(1) = 24.74, p < .001), with participants
squeezing harder on high reward trials compared to low reward trials
(β=-4.27, SE=.86, t=-4.97, p < .001). However, rewards by themselves explained only 1% of the variance in the data, as suggested by the
marginal R2 (Model with eﬀort and reward: R2(m) = .58, model with
eﬀort only: R2(m) = .57). What is more, no corresponding modulation in
line with rewards was found on mental eﬀort trials, as demonstrated by
Fig. 3.

variance were examined by visual inspection of residual plots [91]. If
these assumptions were violated, data was transformed to normality
using appropriate transformations. In the case of grip strength data,
square root transformations of reversed scores were used, whereas for
RT data square root transformation was found to be the most appropriate. Binomial models were checked for overdispertion. In cases
where it was identiﬁed, observation-level random eﬀect was added to
the model, as is common practice in such cases [92].
During each analysis, the most parsimonious model was selected
based on Akaike Information Criterion (AIC) from the set of models
including all possible combinations of ﬁxed factors. AIC values were
calculated using the Maximum Likelihood (ML) method. Restricted
Maximum Likelihood (REML) method was used to estimate the parameters of the model which best ﬁtted our data [89,92]. Likelihood ratio
test was used to test ﬁxed eﬀects. For post hoc analyses Tukey HSD test
was used as a method of adjusting p values for multiple comparisons
using the lsmeans R package [93].
R2 values were calculated using the Nakagawa & Schielzeth [94]
method for GLMM models using the MuMIn R package [95].
2.4.2.1. Data availability. The data that support the ﬁndings of this
study are available from the corresponding author upon request.
Below, we present the ﬁndings from the two experiments, divided
into sections corresponding to the two hypotheses explored in this
study:
Hypothesis 1. Financial incentives drive Choice, whereas during
Execution the level of eﬀort on a trial-per-trial basis is determined
primarily by eﬀort requirements.

3.1.2. Hypothesis 2: the overall eﬀort exerted during the task should be
higher when higher ﬁnancial incentives are at stake
To examine Hypothesis 2, in Experiment 1 the absolute monetary
value of rewards was increased for one group of participants (Large
Incentives group). This manipulation did not have an impact on participants’ choices (the eﬀects of Condition or Eﬀort by Condition interaction were not signiﬁcant for both mental and physical eﬀort). During
the Execution phase, the absolute monetary value was a signiﬁcant
predictor of the amount of eﬀort that was exerted on mental eﬀort trials
exclusively (Mental Eﬀort Condition: χ2(2) = 92.42, p < .001; Eﬀort
by Condition: χ2(1) = 30.31, p < .001). More speciﬁcally, participants
in the Large Incentives condition were found to respond signiﬁcantly
slower compared to participants in the Small Incentives condition
(β=.38, SE=.03, t = 13.41, p < .001) on low mental eﬀort trials.

Hypothesis 2. The overall eﬀort exerted during a task is higher when
the stakes are higher.

3. Results
3.1. Experiment 1
3.1.1. Hypothesis 1: Financial incentives drive Choice, whereas during
Execution the level of eﬀort on a trial-per-trial basis is determined
primarily by eﬀort requirements
In line with Hypothesis 1, during the Choice stage participants in
Experiment 1 were found to have a strong preference towards options
associated with high reward. This eﬀect was observed on both mental
and physical eﬀort trials (see Fig. 2).
Based on AIC, the model that best ﬁt both mental and physical
Choice data included Eﬀort, Reward, Condition, interactions between
Reward and Eﬀort and between Eﬀort and Condition as ﬁxed factors,
and a random slope for Eﬀort. Model parameters are presented in
Table 1. In both cases the model was signiﬁcant (Mental Eﬀort
χ2(5) = 370.09, p < .001; Physical Eﬀort: χ2(5) = 322.36, p < .001).
Reward and Eﬀort were both found to be signiﬁcant predictors of
the choices people made (Mental Eﬀort: Reward: χ2(2) = 316.86,
p < .001; Eﬀort: χ2(3) = 141.47, p < .001; Physical Eﬀort: Reward:
χ2(2) = 291.78, p < .001; Eﬀort: χ2(3) = 77.30, p < .001). In general, participants were found to be more likely to choose high reward
over low reward trials (Mental Eﬀort: β = 3.25, SE = .16, z = 19.8,
p < .001; Physical Eﬀort: β = 3.12, SE = .16, z = 19.06, p < .001),
and to choose low eﬀort over high eﬀort trials (Mental Eﬀort: β = 1.9,
SE = .16, z = 11.84, p < .001; Physical Eﬀort: β = 1.31, SE = .16,
z = 8.29, p < .001). Most importantly, reward turned out to be the
critical factor on which participants ultimately based their decisions:
participants were found to be most likely to choose high reward options, regardless of the amount of eﬀort that was associated with them,
which means that when facing the non-obvious choice between HE/HR
and LE/LR trials participants were more likely to go for the former (see
Table 2 for details).

3.1.3. Accuracy
Since Theory of Motivation [17] links eﬀort exertion with task
diﬃculty, we conducted an additional analysis of accuracy during the
Execution stage as a proxy of task diﬃculty. The aim of this analysis
was to see if the pattern of ﬁndings observed in Experiment 1 could be
linked to diﬀerences in task diﬃculty on mental and physical eﬀort
trials. Participants were found to be 99.98 % accurate on low physical
eﬀort trials in both Small and Large Incentives conditions, which meant
that there was too little variability to include these trials in meaningful
statistical analyses. Therefore, we compared accuracy on the remaining
trials (mental eﬀort: HE/HR, HE/LR, LE/HR, LE/LR; physical eﬀort:
HE/HR, HE/LR), using a model which included Trial Type, Condition
and an interaction term as ﬁxed factors, and Participant Number as a
random factor. During the model selection process, the model including
all ﬁxed factors was found to best ﬁt the accuracy data
(χ2(11) = 329.63, p < .001). Model parameters are presented in
Table 4.
Trial Type (χ2(10) = 312.97, p < .001), Condition (χ2(6) = 45.11,
p < .001), and Trial Type by Condition interaction (χ2(5) = 31,
p < .001) were found to be signiﬁcant predictors of accuracy. Post Hoc
analyses using Tukey adjustment for multiple comparisons revealed no
diﬀerences in accuracy between trials based on reward value (except
for high mental eﬀort trials in the Small Incentives condition, where
participants were found to be more accurate when rewards were high:
5
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Fig. 2. Percentage of times each option was chosen when it was available on mental and physical eﬀort trials in Experiment 1. Error bars represent Standarad Error.

β = 1.20, SE = .32, z = 3.77, p = .009), so for clarity of reporting the
data for post hoc analyses were collapsed across reward levels. This
analysis revealed that participants in both Large and Small Incentives
condition were more accurate on high physical (Large Incentives:
β = 2.74, SE = .27, z = 10.25, p < .001; Small Incentives: β = 1.70,
SE = .17, z = 9.80, p < .001) and low mental eﬀort trials (Large
Incentives: β = 2.45, SE = .23, z = 10.79, p < .001; Small Incentives:
β = 1.14, SE = .15, z = 7.63, p < .001) than on high mental eﬀort
trials. In the Small Incentives condition participants were also more
accurate on high physical than low mental eﬀort trials (β=.56,

SE = .17, z = 3.33, p = .009), whereas participants in the Large
Incentives condition were found to achieve a similar level of accuracy
on these trials (p = .88). At the same time, they were found to be more
accurate on these two types of trials than participants in the Small
Incentives condition (high physical eﬀort trials: β=1.19, SE = .33,
z = 3.66, p = .003; low mental eﬀort trials: β=1.46, SE = .28,
z = 5.27, p < .001).
If we treat accuracy as a proxy for task diﬃculty, this pattern of
results indicates the following gradation of task diﬃculty in Experiment
1: low physical eﬀort trials (easy) < high physical eﬀort trials

Table 1
Comparison of model parameters, R2 and Akaike Information Criterion (AIC) between the null model and the most parsimonious model of Choice behaviour in
Experiment 1.
Mental Eﬀort

Physical Eﬀort

Null model

Best model

Null model

Best model

b[95% CI]
-.05 [-.33, .23]
–
–
–
–
–

b[95% CI]
.9 [.59, 1.22]
1.31 [.84, 1.79]
-3.5 [-3.95,-3.05]
-.35 [-.77, .07]
.49 [-.10, 1.09]
.68 [.10, 1.27]

b[95% CI]
-.02 [-.27, .25]
–
–
–
–
–

b[95% CI]
.87 [.55, 1.20]
1.34 [.84, 1.83]
-3.27 [-3.72, -2.83]
.16 [-.26, .59]
.31 [-.28, .91]
.37 [-.96, .23]

Random eﬀects
Participant Nr (Intercept)
Observations (Intercept)

VC
.000008
5.04

.00003
.82

.00006
4.48

.0001
.9

Other model characteristics
R2(m)
R2(c)
AIC

0
.6
1473.7

.46
.57
1111.36

0
.57
1480.4

.41
.54
1168.1

Fixed eﬀects
Intercept
Eﬀort(Low)
Reward(Low)
Condition (Large Incentives)
Eﬀort(Low):Reward(Low)
Eﬀort(Low):Condition(Large

Incentives)

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 72, Nobservations = 288.
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Table 2
Results of post-hoc pairwise comparisons of the likelihood of choosing diﬀerent combinations of eﬀort and reward using Tukey method, averaged over the levels of
Condition.
Trial Type

Experiment 1

Experiment 2

Physical eﬀort

LE/HR

HE/HR
LE/LR

HE/HR
LE/LR
HE/LR
LE/LR
HE/LR
HE/LR

Mental eﬀort

Physical eﬀort

Mental eﬀort

β

SE

β

SE

β

SE

β

SE

1.16*
2.96*
4.44*
1.81*
3.28*
1.47*

.22
.22
.25
.20
.23
.22

1.66*
3.01*
5.16*
1.35*
3.50*
2.15*

.22
.22
.26
.19
.23
.23

2.15*
2.94*
5.89*
.79*
3.73*
2.94*

.17
.17
.24
.13
.2
.19

2.81*
3.15*
6.36*
.33**
3.54*
3.21*

.18
.18
.25
.12
.20
.20

*p < .001 **p < .05.
HE/HR: High Eﬀort High Reward trial, HE/LR: High Eﬀort Low Reward trial, LE/HR: Low Eﬀort High Reward trial.
LE/LR: Low Eﬀort Low Reward trial.
Results are given on the log odds ratio (not the response) scale.
Table 3
Comparison of model parameters, R2 and Akaike Information Criterion (AIC) between the null model and the most parsimonious model describing Response Time
and Strength behaviour in Experiment 1.
Mental Eﬀort

Physical Eﬀort

Null model

Best model

b[95% CI]
1.38 [1.35, 1.42]
–
–
–

b[95% CI]
1.69 [1.61, 1.75]
-.77 [-.83, -.70]
.03 [-.08, .14]
.35 [.23, .47]

Random eﬀects
Participant Nr (Intercept)
Participant Nr (Eﬀort)
Residual

VC
.15
.46
.05

Other model characteristics
R2(m)
R2(c)
AIC

0
.74
183.41

Fixed eﬀects
Intercept
Eﬀort(Low)
Condition(Large Incentives)
Eﬀort(Low):Condition(Large

Incentives)

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 72, Nobservations (mental) =1567, Nobservations

(physical) =

Null model

Best model

b[95% CI]
56.62 [53.82, 59.34]
–
–

b[95% CI]
70.06 [67.95, 72.17]
44.19 [40.52, 48.38]
3.70 [2.16, 5.17]

.05
.05
.05

132.9
3150.7
199.8

56.72
261.86
144.74

.59
.73
-20.62

0
.89
14581

.57
.83
14404

Fixed eﬀects
Intercept
Eﬀort(Low)
Reward(Low)

1728.

Fig. 3. Eﬀort exertion during physical (a) and (b) mental eﬀort trials in Experiment 1. Error bars represent Standard Error.
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3.1.4. Eﬀect of fatigue and gender
No diﬀerences in performance between males and females were
found in Experiment 1. No decrease in performance between blocks was
observed, suggesting that fatigue did not aﬀect eﬀort levels in this experiment.

Table 4
Comparison of model parameters, R2 and Akaike Information Criterion (AIC)
between the null model and the most parsimonious model describing Accuracy
data in Experiment 1.
Null model

Best model

Fixed eﬀects
Intercept
HE/LR(mental)
LE/HR(mental)
LE/LR (mental)
HE/HR (physical)
HE/LR(physical)
Condition(Small Incentives)
HE/LR(mental):Condition(Small Incentives)
LE/HR(mental):Condition(Small Incentives)
LE/LR (mental):Condition(Small Incentives)
HE/HR (physical):Condition(Small Incentives)
HE/LR(physical):Condition(Small Incentives)

b[95% CI]
1.18 [.97, 1.39]
–
–
–
–
–
–
–
–
–
–
–

b[95% CI]
.15 [-.26, .55]
-.44 [-1.38, .51]
2.47 [1.96, 2.98]
2.29 [1.66, 2.91]
2.72 [2.15, 3.30]
2.54 [1.57, 3.52]
-.19 [-.72, .33]
.37 [-.78, 1.53]
-1.40 [-2, -.79]
-.93 [-1.70, -.17]
-.78 [-1.46, -.09]
-1.80 [-2.94, -.67]

Random eﬀects
Participant Nr (Intercept)

VC
.59

.63

Other model characteristics
R2(m)
R2(c)
AIC

0
.15
1417.1

.24
.37
1109.5

3.1.5. Discussion
In Experiment 1 we investigated whether the diﬀerences between
Choice and Execution postulated by the Choice-Execution model can be
observed in tasks typically used in neuroscientiﬁc investigations. We
also explored whether higher incentives translate into greater potential
motivation in such tasks, leading to greater eﬀort exertion overall. The
ﬁndings of this experiment suggest, in line with our predictions, that
rewards and eﬀort do play a diﬀerent role during Choice and Execution.
More speciﬁcally, while reward is the most important factor when
making decisions, eﬀort requirements seem to be the main determinant
of how much eﬀort is exerted during a task. During Choice participants
were found to have a strong preference for trials associated with high
rewards, regardless of how much eﬀort they involved. During the
Execution stage the amount of eﬀort exerted depended primarily on the
eﬀort requirements of a particular trial. While rewards were found to
lead to increased eﬀort exertion on physical eﬀort trials, by themselves
they explained a very small proportion of variance in the data, suggesting their eﬀect was rather subtle. No eﬀect of rewards on mental
eﬀort trials was observed.
Increasing the overall reward value in the Large Incentives condition has been found to lead to increased eﬀort exertion primarily on
trials of medium diﬃculty. More speciﬁcally, participants in the Large
Incentives condition were found to deliberate for longer and to be more
accurate on low mental eﬀort trials. They were also found to be more
accurate than participants in the Small Incentives condition on high
physical eﬀort trials, although the numerical increase in grip strength
observed on these trials was not found to be signiﬁcant. No increase in

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 72, Nobservations = 554.

(moderately diﬃcult) < /= low mental eﬀort trials (moderately diﬃcult) < high mental eﬀort trials (hard). Since participants in the Large
Incentives group were found to be more accurate than participants in
the Small Incentives group on high physical eﬀort trials and low mental
eﬀort trials, this suggests that they increased their eﬀort exertion speciﬁcally on tasks of moderate diﬃculty, as indicated by Fig. 4.

Fig. 4. Percentage of trials completed successfully in Experiment 1. Error bars represent Standard Error.
8

Behavioural Brain Research 383 (2020) 112474

A. Ludwiczak, et al.

requirements were found to be the main determinant of behaviour. As
far as physical eﬀort trials are concerned, the model that best ﬁt the
experimental data included Eﬀort, Stakes, Gender and Eﬀort by Stakes
interaction as ﬁxed factors, and a random slope for Eﬀort. This model
was signiﬁcant (χ2(4) = 166.75, p < .001). For mental eﬀort trials, the
ﬁnal model included Eﬀort, Stakes, Condition, and interactions between Stakes and Condition and between Eﬀort and Condition as ﬁxed
factors, as well as a random slope for Eﬀort. This model was signiﬁcant
(χ2(5) = 306.71, p < .001). Model parameters for both Strength and
RT are presented in Table 6.
On both mental and physical eﬀort trials Eﬀort was found to be a
signiﬁcant predictor of behaviour (Mental Eﬀort Eﬀort:
χ2(2) = 159.11, p < .001; Physical Eﬀort Eﬀort: χ2(2) = 149.62,
p < .001), as indicated in Fig. 6. In both Gain and Loss groups, participants exerted more eﬀort, squeezing the joystick harder (β=-43,
SE = 2.71, t=-15.88, p < .001) and deliberating for longer (β=.57,
SE=.27, t = 20.64, p < .001) when required eﬀort was high. On
physical eﬀort trials, participants in both Gain and Loss conditions were
found to squeeze harder when the stakes were high compared to low on
high eﬀort trials (Stakes: χ2(2) = 40.16, p < .001; Stakes by Eﬀort:
χ2(1) = 33.78, p < .001; β=-12.50, SE=1.96, t=-6.36, p < .001).
On mental eﬀort trials, the eﬀect of stakes on behaviour was limited to
the Loss condition (Stakes: χ2(2) = 55.77, p < .001; Stakes by Condition: χ2(1) = 17.56, p < .001), as participants in this condition were
found to respond slower when stakes were high compared to low
(β=.14, SE=.02, t = 7.48, p < .001). In both cases, however, rewards
explained a very small proportion of variance (Mental Eﬀort: full
model: R2(m) = .48, model without reward: R2(m) = .47; Physical Eﬀort:
full model: R2(m) = 0.38, model without reward: R2(m) = 0.37).

performance was found on easy or diﬃcult trials, in line with Brehm
and Self (1989).
3.2. Experiment 2: gains vs. Losses
To examine if the diﬀerences between Choice and Execution
(Hypothesis 1) can be observed regardless of how the ﬁnancial incentives are framed (e.g. either as gains or losses), in Experiment 2 we
divided participants into two groups: one trying to maximise gains
(Gain group) and one trying to minimise losses (Loss group).
Considering that losses are thought to loom larger than gains [96–99],
we expected to see greater overall eﬀort exertion in the Loss group, in
line with Hypothesis 2.
3.2.1. Hypothesis 1: Financial incentives drive choice, while during
execution the level of eﬀort on a trial-per-trial basis is determined
primarily be eﬀort requirements
In support of Hypothesis 1, in Experiment 2 ﬁnancial incentives
were found to play a particularly important role during the Choice
stage, while eﬀort guided actions performed during the Execution stage.
Based on AIC, the model that best ﬁt mental and physical Choice
data included Eﬀort, Attractiveness, Condition, as well as interactions
between Attractiveness and Eﬀort and between Eﬀort and Condition as
ﬁxed factors, and a random slope for Eﬀort. In both cases the model was
signiﬁcant (Mental Eﬀort χ2(5) = 678.39, p < .001; Physical Eﬀort:
χ2(5) = 606.13, p < .001). The parameters of the model are presented
in Table 5.
Both Attractiveness and Eﬀort were found to be signiﬁcant predictors of choices (Mental Eﬀort Attractiveness: χ2(2) = 511.39,
p < .001, Eﬀort: χ2(3) = 467.65, p < .001; Physical Eﬀort
Attractiveness: χ2(2) = 476.99, p < .001, Eﬀort: χ2(3) = 368.56,
p < .001). In general, participants were found to be more likely to
choose high attractiveness over low attractiveness trials (Mental Eﬀort:
β = 3.35, SE = .14, z = 24.84, p < .001; Physical Eﬀort: β = 3.34,
SE = .14, z = 24.47, p < .001), and to choose low eﬀort over high
eﬀort trials (Mental Eﬀort: β = 3.02, SE = .13, z = 22.59, p < .001;
Physical Eﬀort: β = 2.55, SE = .13, z = 19.07, p < .001). As in
Experiment 1, participants were most likely to choose High
Attractiveness (High Reward or Low Loss) options, regardless of the
amount of eﬀort that was associated with them (see Table 2 for details),
consistently choosing HE/HA trials over LE/LA trials, as indicated by
Fig. 5.
Also in support of Hypothesis 1, during the Execution stage, eﬀort

3.2.2. Hypothesis 2: the overall eﬀort exerted during the task should be
higher when the stakes are higher
In support for Hypothesis 2, condition drove overall eﬀort exertion
on mental eﬀort trials. More speciﬁcally, Condition, as well as Eﬀort
and Condition, and Stakes and Condition interactions were all found to
be signiﬁcant predictors of the amount of eﬀort put in on mental eﬀort
trials (Condition: χ2(3) = 125.1, p < .001; Stakes by Condition: as
reported above; Eﬀort by Condition: χ2(1) = 3.63, p = .056*). On
mental eﬀort trials participants in the Losses group were found to respond slower (indicating longer deliberation) than participants in the
Gains group (β = .43, SE = .03, t = 12.51, p < .001). Participants in
the Loss condition were also found to modulate their eﬀort exertion in
line with rewards, as described above. No eﬀect of condition was found

Table 5
Comparison of model parameters, R2 and Akaike Information Criterion (AIC) between the null model and the most parsimonious model of Choice behaviour in
Experiment 2.
Mental Eﬀort

Physical Eﬀort

Model name

Null model

Best model

Null model

Best model

Fixed eﬀects
Intercept
Eﬀort(Low)
Attractiveness(Low)
Condition (Loss)
Eﬀort(Low):Attractiveness(Low)
Eﬀort(Low):Condition(Loss)

b[95% CI]
-.02 [-.31, .26]
–
–
–
–
–

b[95% CI]
.55 [.33, .77]
2.13 [1.74, 2.52]
-3.56 [-3.95, -3.18]
-.72 [-1.02, -.43]
.43 [-.07, .93]
1.33 [.93, 1.74]

b[95% CI]
-.03 [-.31, .24]
–
–
–
–
–

b[95% CI]
.93 [.68, 1.19]
1.27 [.88, 1.66]
-3.77 [-4.16, -3.38]
-.88 [-1.20, -.55]
.83 [.33, 1.33]
1.76 [1.31, 2.20]

Random eﬀects
Participant Nr (Intercept)
Observations (Intercept)

VC
0
6.36

0
.22

.00003
5.9

0
.36

Other model characteristics
R2(m)
R2(c)
AIC

0
.66
1763.6

.6
.62
1095.2

0
.64
1766.2

.57
.61
1170.1

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 87, Nobservations = 348.
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Fig. 5. Percentage of times each option was chosen when it
was available on mental and physical eﬀort trials in
Experiment 2. High Attractiveness refers to High Reward
(Gains group) or Low Loss (Loss Group). Low Attractiveness
refers to Low Reward (Gains group) or High Loss (Loss group).
Error bars represent Standard Error.

Table 6
Comparison of model parameters, R2 and Akaike Information Criterion (AIC) between the null model and the most parsimonious model describing Response Time
and Strength behaviour in Experiment 2.
Mental Eﬀort

Physical Eﬀort

Null model

Best model

Null model

Best model

Fixed eﬀects
Intercept
Eﬀort(Low)
Stakes(Low)
Condition(Loss)
Eﬀort(Low):Condition(Loss)
Stakes(Low):Condition(Loss)

b[95% CI]
1.16 [1.11, 1.20]
–
–
–
–
–

b[95% CI]
1.44 [1.37, 1.52]
-.52 [-.60, -.45]
- .02[-.06, .02]
.55 [.43, .66]
-.11 [-.22, -.004]
-.12 [-.18, -.06]

b[95% CI]
74.82 [71.88, 77.87]
–
–
–
–

b[95% CI]
64.48 [60.37, 68.54]
49.23 [43.54, 54.92]
12.50 [8.69, 16.30]
-12.53 [-16.74, -8.48]
-8.44 [-13.94, -2.89]

Random eﬀects
Participant Nr (Intercept)
Participant Nr (Eﬀort)
Residual

.32
.35
.06

.05
.05
.06

238.3
2450.6
252.3

121.2
583.2
249.6

Other model characteristics
R2(m)
R2(c)
AIC

0
.67
682.88

.48
.63
386.2

0
.84
18015

.38
.79
17856

Fixed eﬀects
Intercept
Eﬀort(Low)
Stakes(Low)
Eﬀort(Low):Stakes(Low)
Gender(male)
VC

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 87, Nobservations (mental) = 1829, Nobservations

(physical) = 2081.

3.2.3. Accuracy
As in Experiment 1, additional analysis of participants’ accuracy was
conducted to establish if the ﬁndings from Experiment 2 were associated with task diﬃculty. As in Experiment 1 participants were found
to be almost 100 % accurate on low physical eﬀort trials, which meant
these trials could not be included in the statistical analysis.
Nevertheless, we compared accuracy on the remaining trials (mental
eﬀort: HE/HR, HE/LR, LE/HR, LE/LR; physical eﬀort: HE/HR, HE/LR),
using a model which included Trial Type, Condition and an interaction
term as ﬁxed factors, and Participant Number as a random factor.

on physical eﬀort trials.
In addition, participants in the Gain condition were found to be
more likely to select high eﬀort trials than participants in the Loss
condition (Mental Eﬀort: β = .72, SE = .15, z = 4.83, p < .001;
Physical Eﬀort: β = .74, SE = .19, z = 3.86, p < .001). They were also
less likely to select low eﬀort trials (Mental Eﬀort: β=-.61, SE = .15,
z=-4.24, p < .001; Physical Eﬀort: β=-.90, SE = .17, z=-5.33,
p < .001).
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Fig. 6. Eﬀort exertion on physical (a) and mental (b) trials in Experiment 2. Error bards represent Standard Error.

were also found to be more accurate on high physical eﬀort trials than
low mental eﬀort trials (Gain: β = .65, SE = .17, z = 3.81, p < .001;
Loss: β = .74, SE = .19, z = 3.98, p = .001), as demonstrated in Fig. 7.
These results demonstrate that the diﬃculty of diﬀerent types of trials
in Experiment 2 followed the same pattern as in Experiment 1, with low
physical eﬀort trials being easy, high physical eﬀort trials and low
mental eﬀort trials being of moderate diﬃculty, and high mental eﬀort
trials being hard. Finally, participants in the Loss group were more
accurate than participants in the Gains group on low mental eﬀort trials
(β = 1.06, SE = .22, z = 4.76, p < .001), but not high mental or high
physical eﬀort trials. No diﬀerence in accuracy between participants in
the Loss and Gain group was observed when physical eﬀort was required.

Table 7
Comparison of model parameters, R2 and Akaike Information Criterion (AIC)
between the null model and the most parsimonious model describing Accuracy
data in Experiment 2.
Null model

Best model

Fixed eﬀects
Intercept
HE/LR(Mental)
LE/HR(Mental)
LE/LR (Mental)
HE/HR (Physical)
HE/LR(Physical)
Condition(Loss)
HE/LR(Mental):Condition(Loss)
LE/HR(Mental):Condition(Loss)
LE/LR (Mental):Condition(Loss)
HE/HR (Physical):Condition(Loss)
HE/LR(Physical):Condition(Loss)

b[95% CI]
1.34 [1.15, 1.53]
–
–
–
–
–
–
–
–
–
–
–

b[95% CI]
.41 [.08, .75]
.16 [-.73, 1.05]
.69 [.37, 1.01]
.82 [.40, 1.24]
1.56 [1.17, 1.95]
-.19[-1.03, .65]
.82 [-.42, 2.07]
-.96 [-2.46, .55]
.58 [-.69, 1.86]
-.0005 [-1.27, 1.27]
-.78 [-2.56, .99]
.37 [-1.10, 1.84]

Random eﬀects
Participant Nr (Intercept)

VC
.57

.6

Other model characteristics
R2(m)
R2(c)
AIC

0
.15
1353.1

.12
.25
1197.1

3.2.4. Eﬀects of fatigue and gender
No eﬀect of fatigue was observed between blocks. The analysis of
gender diﬀerences in grip strength revealed a signiﬁcant eﬀect of
gender (χ2(1) = 8.69, p = .003), with males squeezing harder than
females (β=-8.47, SE=2.79, z=-3.04, p = .003). Importantly, however, the pattern of results did not diﬀer between genders. On mental
eﬀort trials no diﬀerences in response times between males and females
were observed.

CI = Conﬁdence Intervals, VC = Variance Components.
Nparticipants = 87, Nobservations = 516.

3.2.5. Discussion
The aims of Experiment 2 were twofold: ﬁrst, it was to investigate
whether the diﬀerences between Choice and Execution postulated by
the Choice-Execution model can be observed when losses are at stake.
Secondly, the aim was to determine whether losses, which are thought
to loom larger than gains, lead to increased potential motivation and
greater eﬀort exertion overall. The ﬁndings of this experiment suggest
that ﬁnancial incentives are the main determinant of behaviour during
choice, while during execution eﬀort requirements become the benchmark for eﬀort exertion, regardless of whether the aim of the eﬀortbased decision-making process is to maximize gains or minimize losses.
During Choice, participants were found to have a strong preference for
high attractiveness (high win or low loss) trials, regardless of the
amount of eﬀort associated with them. At the same time, during execution eﬀort requirements had the biggest impact on behaviour, although stakes were found to have limited inﬂuence as well. More
speciﬁcally, participants were found to exert eﬀort primarily in line
with trial requirements. When physical eﬀort was required, participants
in both Gain and Loss condition put in more eﬀort when stakes were
high compared to low. On mental eﬀort trials this eﬀect was also

During the model selection process, this full model was found to best ﬁt
the accuracy data. The model was found to ﬁt the data signiﬁcantly
better than the model with just an intercept (χ2(11) = 178.09,
p < .001). Model parameters are presented in Table 7.
Trial Type (χ2(10) = 170.87, p < .001), Condition (χ2(6) = 30.70,
p < .001), and Trial Type by Condition interaction (χ2(5) = 11.76,
p = .04) were found to be signiﬁcant predictors of accuracy. Post Hoc
analyses using Tukey adjustment for multiple comparisons revealed no
diﬀerences in accuracy between trials based on stakes value (except for
high physical eﬀort trials in the Gain condition, where participants
were found to be more accurate when stakes were high: β=1.75,
SE=.44, z = 4.00, p = .004), so for clarity of reporting the data for post
hoc analyses were collapsed across reward level. As in Experiment 1,
participants in both Gain and Loss groups were found to be more accurate on high physical (Gain: β = 1.36, SE = .19, z = 7.32, p < .001;
Loss: β = .96, SE = .21, z = 4.70, p < .001) and low mental eﬀort
trials (Gain: β = .71, SE = .15, z = 4.74, p < .001; Loss: β = 1.71,
SE = .18, z = 9.53, p < .001) than on high mental eﬀort trials. They
11
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Fig. 7. Percentage of trials completed successfully in Experiment 1. Error bars represent Standard Error.

During Choice, rewards are of paramount importance, while eﬀort costs
are underweighted, in line with the work on procrastination by Akerlof
[16]. On the other hand, during Execution, decision maker focuses on
eﬀort costs, while the subjective value of rewards determines the
maximum amount of eﬀort one is willing to exert overall, in line with
the Theory of Motivation by Brehm and Self [17]. Two behavioral experiments described in this paper provide strong support for this model.
In both experiments participants were found to base their choices primarily on the ﬁnancial incentives associated with available options,
while during execution the main driver of behaviour were the eﬀort
requirements. This pattern was observed on both mental and physical
eﬀort trials and regardless of whether participants were trying to gain
or avoid losing money. These results have important implications for
investigations of eﬀort-based decision-making in the neuroscientiﬁc
context. As such, they show that predictions regarding eﬀort-based
decisions made by Brehm and Self (1989) in the psychology domain
and Akerlof (1991) in the behavioral economic domain are valid in the
methodological context used in neuroscience. For the value-based decision-making models forming the basis of the neuroscientiﬁc investigations, our ﬁndings suggest that the valuation process (during
which the costs and beneﬁts of an option are combined) is not a discrete
stage taking place solely during Choice, but rather it should be treated
as an ongoing process, changing dynamically depending on the phase of
eﬀort-based decision-making. Such an approach accounts for the inconsistencies in behaviour observed in real life eﬀort-based decision
making, for example when people commit to an eﬀortful option but
then fail to execute it [100–103]. It is also in line with studies demonstrating ongoing monitoring of exerted eﬀort during eﬀortful tasks
[45]. In practical terms, our ﬁndings could be incorporated into the
value-based models by adding diﬀerent weights to eﬀort and reward
information depending on the stage of the eﬀort-based decision-making
process. This would extend the applicability of these models beyond the
simplest of the eﬀort-based scenarios and update them to reﬂect the

observed, but it was limited to the Loss condition. At the same time, the
eﬀect of stakes, although signiﬁcant, explained a very small proportion
of variance on mental and physical eﬀort trials (approx. 1%), suggesting the impact of stakes on behaviour was rather limited.
This experiment also provided mixed evidence regarding the eﬀect
of ﬁnancial incentives on potential motivation when losses are at stake.
On one hand, greater eﬀort was observed in the Loss group on mental
eﬀort trials, and this increased eﬀort translated into higher accuracy on
trials of medium diﬃculty (i.e. low mental eﬀort trials), suggesting that
potential motivation might be determined by the subjective value of the
ﬁnancial outcomes regardless of whether these involve gains or losses.
Nevertheless, no corresponding increase in eﬀort or accuracy was observed on the physical eﬀort trials, which limits the generalizability of
the ﬁndings.
4. General discussion
Taken together, the ﬁndings from the two experiments described in
this paper suggest that rewards and eﬀort requirements diﬀerentially
impact choice between eﬀortful actions and execution of eﬀortful actions. More speciﬁcally, rewards seem to inﬂuence the choice more
than execution, while the opposite is true for eﬀort requirements. These
ﬁndings provide strong support for the main hypothesis explored in this
paper, that the importance of eﬀort and reward diﬀers between action
selection and action execution. Results of the two experiments presented in this paper suggest that while rewards are capable of aﬀecting
eﬀort exertion during execution, their inﬂuence is rather limited. The
main impact of rewards on eﬀort seems to be through determining the
potential motivation on tasks of moderate diﬃculty. In the discussion
that follows, we consider the implications of these ﬁndings.
The central claim of the Choice-Execution model proposed in this
paper is that the inﬂuence rewards and eﬀort have on behaviour varies
depending on the stage of the eﬀort-based decision-making process.
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current ﬁndings from the psychological and economic literature. In the
neuroscientiﬁc context, this updated model could be used to clarify the
speciﬁc roles vmPFC, ACC, DS/VS, and SMA play during eﬀort-based
decision-making, particularly to identify the structures that convey the
importance of eﬀort and reward information at a particular stage of the
decision-making process. The model could also be used to explain the
discrepancies in brain activations observed in existing neuroimaging
studies exploring diﬀerent stages of the eﬀort-based decision-making
process, for example a presence of activations in vmPFC in studies exploring Choice [e.g. 3,15,29–35] and lack of such activations in studies
exploring Execution [e.g. 1,20,26,36,37,104]. The Choice-Execution
model could also potentially provide greater clarity in our understanding of the functional role of certain brain structures involved in
this process, such as ACC and VS, pointing to their distinct importance
at diﬀerent stages of eﬀort-based decision making.
The second assumption of the Choice-Execution model discussed in
this paper is that during execution rewards aﬀect eﬀort exertion indirectly through determining potential motivation. To test this assumption, we manipulated incentives (Large vs. Small, Gain vs. Loss) to
increase or reduce the maximum amount of eﬀort participants would be
willing to exert in our task. We hypothesized that if rewards aﬀect eﬀort
indirectly during execution, through determining the potential motivation, increasing incentives should increase eﬀort exerted on all type
of trials, without a diﬀerence in eﬀort between high and low reward
trials. In this experiment, as the values of rewards were increased,
overall eﬀort exertion and accuracy were found to increase as well,
albeit primarily on trials of medium diﬃculty. This ﬁnding is predicted
by Theory of Motivation by Brehm and Self [17], which argued that
increased eﬀort exertion in response to rewards is most likely to be
observed on tasks of moderate diﬃculty, as in such circumstances an
increase in eﬀort exertion translates into improved performance and
consequently higher wins. In line with this, increased overall eﬀort
exertion on mental eﬀort trials of moderate diﬃculty was also observed
in Experiment 2, where participants had to avoid losses. However, no
corresponding increase in eﬀort exertion in the Loss group was found
on physical eﬀort trials. One explanation for this ﬁnding could be that
physical eﬀort trials in this experiment tended to be easy for participants, which discouraged them from exerting extra eﬀort due to limited
increases in overall win it would provide; as indicated by our analysis
on accuracy during execution. It is also possible that the Choice-Execution model described in this paper applies primarily to mental eﬀortbased decision-making, while physical eﬀort is processed diﬀerently.
Despite the evidence suggesting that incentives play a role in determining potential motivation on tasks of medium diﬃculty, the biggest challenge to the potential motivation hypothesis as presented in
our study comes from the fact that some modulation of eﬀort (albeit
small) in line with rewards was observed on trial-per-trial basis in both
Experiments 1 and 2. Considering that the eﬀect of reward was very
small, we believe that this ﬁnding does not support the conclusion that
rewards drive eﬀort exertion. In our opinion, it suggests that reward
signal might be used during eﬀort execution as a source of information
as to how much eﬀort is warranted considering the anticipated reward.
We propose that this information could be processed in VS, as existing
literature demonstrates that activations in this structure are proportional to reward discounted by the eﬀort cost [1,20] and that higher
activation in this structure is associated with greater eﬀort exertion
overall [23] and better performance attained [37]. In this line of
thought, VS does not merely encode reward value discounted by eﬀort,
but rather is a conveyor of a potential motivation signal which ensures
that eﬀort exerted does not exceed the maximum level determined by
reward. This conclusion is further supported by studies showing that VS
dysfunction might lead to reduced overall eﬀort exertion, as seems to be
the case in Parkinson’s disease (PD) [e.g. 35,105–108].
From the psychological and behavioral economic perspective, the
key advantage of the Choice-Execution model is that it links the claims
presented in the neuroscientiﬁc studies with literature investigating the

intention-action gap in the domains of moral and risk-based decisionmaking, which demonstrate a frequent discrepancy between people’s
beliefs/attitudes/intentions and the actual actions that they execute
[109–114]. Our Choice-Execution model provides a psychological-mechanistic explanation for these ﬁndings, based on diﬀerences in reward
and eﬀort importance between stages of eﬀort-based decision making.
4.1. Conclusions
To summarise, in this paper we identify a mismatch between the
neuroscientiﬁc and psychological/behavioral economic literatures describing the relationship between eﬀort and rewards during decisionmaking. As this mismatch could lead to mischaracterisation of the
functionality of diﬀerent parts of the brain involved in this process, to
rectify this problem we proposed a novel Choice-Execution model of
eﬀort-based decision making, which combines neuroscientiﬁc valuebased models with the ﬁndings from seminal works by Brehm and Self
[17] (psychology) and Akerlof [16] (behavioral economics). Two experiments designed to test the assumptions of this model revealed that
the importance of eﬀort and rewards changes at diﬀerent stages of effort-based decision making, in line with our hypotheses. More speciﬁcally, the ﬁndings showed that rewards matter more during choice,
whereas eﬀort requirements have a greater impact on behaviour during
execution, regardless of the type of eﬀort required (mental or physical)
or the valence of the ﬁnancial incentive (gain or loss). These experiments also provided an indication that the main role of rewards during
execution is to determine the potential motivation, so the maximum
amount of eﬀort one is willing to exert. Taken together, these results
oﬀer interesting new avenues into neuroscientiﬁc research of eﬀortbased decision making, providing a new tool for describing this process
and the functions of the parts of the brain mediating it.
Funding
This research did not receive any speciﬁc grant from funding
agencies in the public, commercial, or not-for-proﬁt sectors.
References
[1] P.L. Croxson, et al., Eﬀort-based cost–beneﬁt valuation and the human brain, J.
Neurosci. 29 (14) (2009) 4531–4541.
[2] I.T. Kurniawan, et al., Eﬀort and valuation in the brain: the eﬀects of anticipation
and execution, J. Neurosci. 33 (14) (2013) 6160–6169.
[3] C. Prévost, et al., Separate valuation subsystems for delay and eﬀort decision costs,
J. Neurosci. 30 (42) (2010) 14080–14090.
[4] S.E. Bonner, et al., A review of the eﬀects of ﬁnancial incentives on performance in
laboratory tasks: implications for management accounting, J. Manag. Account.
Res. 12 (1) (2000) 19–64.
[5] S.E. Bonner, G.B. Sprinkle, The eﬀects of monetary incentives on eﬀort and task
performance: theories, evidence, and a framework for research, Account. Organ.
Soc. 27 (4-5) (2002) 303–345.
[6] C.F. Camerer, R.M. Hogarth, The eﬀects of ﬁnancial incentives in experiments: a
review and capital-labor-production framework, J. Risk Uncertain. 19 (1-3) (1999)
7–42.
[7] G.D. Jenkins Jret al., Are ﬁnancial incentives related to performance? A metaanalytic review of empirical research, J. Appl. Psychol. 83 (5) (1998) 777.
[8] A. Rangel, C. Camerer, P.R. Montague, A framework for studying the neurobiology
of value-based decision making, Nat. Rev. Neurosci. 9 (7) (2008) 545–556.
[9] K. Doya, Modulators of decision making, Nat. Neurosci. 11 (4) (2008) 410–416.
[10] J.W. Kable, P.W. Glimcher, The neurobiology of decision: consensus and controversy, Neuron 63 (6) (2009) 733–745.
[11] S.M. Assadi, M. Yucel, C. Pantelis, Dopamine modulates neural networks involved
in eﬀort-based decision-making, Neurosci. Biobehav. Rev. 33 (3) (2009) 383–393.
[12] M. Ernst, M.P. Paulus, Neurobiology of decision making: a selective review from a
neurocognitive and clinical perspective, Biol. Psychiatry 58 (8) (2005) 597–604.
[13] L. Rigoux, E. Guigon, A model of reward- and eﬀort-based optimal decision
making and motor control, PLoS Comput. Biol. 8 (10) (2012) p. e1002716.
[14] A. Rangel, T. Hare, Neural computations associated with goal-directed choice,
Curr. Opin. Neurobiol. 20 (2) (2010) 262–270.
[15] V. Skvortsova, S. Palminteri, M. Pessiglione, Learning to minimize eﬀorts versus
maximizing rewards: computational principles and neural correlates, J. Neurosci.
34 (47) (2014) 15621–15630.
[16] G.A. Akerlof, Procrastination and obedience, Am. Econ. Rev. 81 (2) (1991) 1–19.
[17] J.W. Brehm, E.A. Self, The intensity of motivation, Annu. Rev. Psychol. 40 (1)

13

Behavioural Brain Research 383 (2020) 112474

A. Ludwiczak, et al.

[56] J. Bernacer, et al., An amygdala-cingulate network underpins changes in eﬀortbased decision making after a ﬁtness program, NeuroImage 203 (2019) p. 116181.
[57] B.W. Balleine, M.R. Delgado, O. Hikosaka, The role of the dorsal striatum in reward and decision-making, J. Neurosci. 27 (31) (2007) 8161–8165.
[58] G. Hart, B.K. Leung, B.W. Balleine, Dorsal and ventral streams: the distinct role of
striatal subregions in the acquisition and performance of goal-directed actions,
Neurobiol. Learn. Mem. 108 (2014) 104–118.
[59] T.A. Stalnaker, et al., Neural correlates of stimulus-response and response-outcome
associations in dorsolateral versus dorsomedial striatum, Front. Integr. Neurosci. 4
(2010) 12.
[60] S.B. Floresco, D.N. Braaksma, A.G. Phillips, Thalamic–cortical–striatal circuitry
subserves working memory during delayed responding on a radial arm maze, J.
Neurosci. 19 (24) (1999) 11061–11071.
[61] J.A. Parkinson, et al., Disconnection of the anterior cingulate cortex and nucleus
accumbens core impairs Pavlovian approach behavior: further evidence for limbic
cortical–ventral striatopallidal systems, Behav. Neurosci. 114 (1) (2000) 42.
[62] G. Winterer, et al., Volition to action—an event-related fMRI study, Neuroimage
17 (2) (2002) 851–858.
[63] C.M. Adler, et al., Changes in neuronal activation with increasing attention demand in healthy volunteers: an fMRI study, Synapse 42 (4) (2001) 266–272.
[64] D. Alnæs, et al., Pupil size signals mental eﬀort deployed during multiple object
tracking and predicts brain activity in the dorsal attention network and the locus
coeruleus, J. Vis. 14 (4) (2014) p. 1-1.
[65] M. Engstrom, A.-M. Landtblom, T. Karlsson, Brain and eﬀort: brain activation and
eﬀort-related working memory in healthy participants and patients with working
memory deﬁcits, Front. Hum. Neurosci. 7 (2013) 140.
[66] J. Jansma, et al., fMRI study of eﬀort and information processing in a working
memory task, Hum. Brain Mapp. 28 (5) (2007) 431–440.
[67] C.H. Fu, et al., A functional magnetic resonance imaging study of overt letter
verbal ﬂuency using a clustered acquisition sequence: greater anterior cingulate
activation with increased task demand, Neuroimage 17 (2) (2002) 871–879.
[68] O.T. Khachouf, et al., Voluntary modulation of mental eﬀort investment: an fMRI
study, Sci. Rep. 7 (1) (2017) 17191.
[69] C. Mulert, et al., Single-trial coupling of EEG and fMRI reveals the involvement of
early anterior cingulate cortex activation in eﬀortful decision making, Neuroimage
42 (1) (2008) 158–168.
[70] A.M. Nagase, et al., Neural mechanisms for adaptive learned avoidance of mental
eﬀort, J. Neurosci. 38 (10) (2018) 2631–2651.
[71] T.D. Satterthwaite, et al., Being right is its own reward: load and performance
related ventral striatum activation to correct responses during a working memory
task in youth, Neuroimage 61 (3) (2012) 723–729.
[72] T.W. Robbins, B.J. Everitt, Neurobehavioural mechanisms of reward and motivation, Curr. Opin. Neurobiol. 6 (2) (1996) 228–236.
[73] J.D. Salamone, The behavioral neurochemistry of motivation: methodological and
conceptual issues in studies of the dynamic activity of nucleus accumbens dopamine, J. Neurosci. Methods 64 (2) (1996) 137–149.
[74] J.D. Salamone, et al., Beyond the reward hypothesis: alternative functions of nucleus accumbens dopamine, Curr. Opin. Pharmacol. 5 (1) (2005) 34–41.
[75] N.M. Klein, M.S. Yadav, Context eﬀects on eﬀort and accuracy in choice: an enquiry into adaptive decision making, J. Consum. Res. 15 (4) (1989) 411–421.
[76] R. Le Bouc, M. Pessiglione, Imaging social motivation: distinct brain mechanisms
drive eﬀort production during collaboration versus competition, J. Neurosci. 33
(40) (2013) 15894–15902.
[77] J.A. Samuels, S.M. Whitecotton, An eﬀort based analysis of the paradoxical eﬀects
of incentives on decision‐aided performance, J. Behav. Decis. Mak. 24 (4) (2011)
345–360.
[78] D.H. Brainard, The psychophysics toolbox, Spat. Vis. 10 (1997) 433–436.
[79] E. Bijleveld, R. Custers, H. Aarts, Unconscious reward cues increase invested eﬀort,
but do not change speed–accuracy tradeoﬀs, Cognition 115 (2) (2010) 330–335.
[80] J. Hernandez Lallement, et al., Eﬀort increases sensitivity to reward and loss
magnitude in the human brain, Soc. Cogn. Aﬀect. Neurosci. 9 (3) (2013) 342–349.
[81] P. Jokinen, et al., Cognitive slowing in Parkinson’s disease is related to frontostriatal dopaminergic dysfunction, J. Neurol. Sci. 329 (1-2) (2013) 23–28.
[82] W. Kool, et al., Decision making and the avoidance of cognitive demand, J. Exp.
Psychol. Gen. 139 (4) (2010) 665.
[83] J.T. McGuire, M.M. Botvinick, Prefrontal cortex, cognitive control, and the registration of decision costs, Proc. Natl. Acad. Sci. 107 (17) (2010) 7922–7926.
[84] V. Mathiowetz, et al., Grip and pinch strength: normative data for adults, Arch.
Phys. Med. Rehabil. 66 (2) (1985) 69–74.
[85] R Core Team, R: A Language and Environment for Statistical Computing, R
Foundation for Statistical Computing, Vienna, Austria, 2014.
[86] D. Bates, et al., lme4: linear mixed-eﬀects models using Eigen and S4, R package
version 1 (7) (2014) 1–23.
[87] R. Ratcliﬀ, Methods for dealing with reaction time outliers, Psychol. Bull. 114 (3)
(1993) 510.
[88] R. Whelan, Eﬀective analysis of reaction time data, Psychol. Rec. 58 (3) (2010) 9.
[89] B.M. Bolker, et al., Generalized linear mixed models: a practical guide for ecology
and evolution, Trends Ecol. Evol. (Amst.) 24 (3) (2009) 127–135.
[90] J.J. Faraway, Extending the Linear Model With R: Generalized Linear, Mixed
Eﬀects and Nonparametric Regression Models, CRC press, 2005.
[91] J.J. Faraway, Linear Models With R, CRC Press, 2014.
[92] X.A. Harrison, et al., A brief introduction to mixed eﬀects modelling and multimodel inference in ecology, PeerJ 6 (2018) e4794.
[93] R.V. Lenth, Least-squares means: the r package lsmeans, J. Stat. Softw. 69 (1)
(2016) 1–33.
[94] S. Nakagawa, H. Schielzeth, A general and simple method for obtaining R2 from

(1989) 109–131.
[18] C. Sayalı, D. Badre, Neural systems of cognitive demand avoidance,
Neuropsychologia 123 (2019) 41–54.
[19] E. Bijleveld, et al., Distinct neural responses to conscious versus unconscious
monetary reward cues, Hum. Brain Mapp. 35 (11) (2014) 5578–5586.
[20] M.M. Botvinick, S. Huﬀstetler, J.T. McGuire, Eﬀort discounting in human nucleus
accumbens, Cogn. Aﬀect. Behav. Neurosci. 9 (1) (2009) 16–27.
[21] C.J. Burke, et al., Neural integration of risk and eﬀort costs by the frontal pole:
only upon request, J. Neurosci. 33 (4) (2013) 1706–1713.
[22] S. Gepshtein, et al., Dopamine function and the eﬃciency of human movement, J.
Cogn. Neurosci. 26 (3) (2014) 645–657.
[23] N.B. Kroemer, et al., Balancing reward and work: anticipatory brain activation in
NAcc and VTA predict eﬀort diﬀerentially, Neuroimage 102 (2014) 510–519.
[24] I.T. Kurniawan, et al., Choosing to make an eﬀort: the role of striatum in signaling
physical eﬀort of a chosen action, J. Neurophysiol. 104 (1) (2010) 313–321.
[25] F. Meyniel, et al., Neurocomputational account of how the human brain decides
when to have a break, Proc. Natl. Acad. Sci. 110 (7) (2013) 2641–2646.
[26] L. Schmidt, et al., Get aroused and be stronger: emotional facilitation of physical
eﬀort in the human brain, J. Neurosci. 29 (30) (2009) 9450–9457.
[27] M.T. Treadway, et al., Dopaminergic mechanisms of individual diﬀerences in
human eﬀort-based decision-making, J. Neurosci. 32 (18) (2012) 6170–6176.
[28] J. Bernacer, et al., Brain correlates of the intrinsic subjective cost of eﬀort in sedentary volunteers, Progress in Brain Research, Elsevier, 2016, pp. 103–123.
[29] N. Aridan, et al., Neural correlates of eﬀort-based valuation with prospective
choices, Neuroimage 185 (2019) 446–454.
[30] A.R. Arulpragasam, et al., Corticoinsular circuits encode subjective value expectation and violation for eﬀortful goal-directed behavior, Proc. Natl. Acad. Sci.
115 (22) (2018) E5233–E5242.
[31] V. Bonnelle, et al., Individual diﬀerences in premotor brain systems underlie behavioral apathy, Cereb. Cortex 26 (2) (2015) 807–819.
[32] M.C. Klein-Flügge, et al., Neural signatures of value comparison in human cingulate cortex during decisions requiring an eﬀort-reward trade-oﬀ, J. Neurosci. 36
(39) (2016) 10002–10015.
[33] K.L. Seaman, et al., Subjective value representations during eﬀort, probability and
time discounting across adulthood, Soc. Cogn. Aﬀect. Neurosci. 13 (5) (2018)
449–459.
[34] S.A. Massar, et al., Separate and overlapping brain areas encode subjective value
during delay and eﬀort discounting, Neuroimage 120 (2015) 104–113.
[35] T.T. Chong, et al., Dopamine enhances willingness to exert eﬀort for reward in
Parkinson’s disease, Cortex 69 (2015) 40–46.
[36] M. Pessiglione, et al., How the brain translates money into force: a neuroimaging
study of subliminal motivation, Science 316 (5826) (2007) 904–906.
[37] L. Schmidt, et al., Neural mechanisms underlying motivation of mental versus
physical eﬀort, PLoS Biol. 10 (2) (2012) e1001266.
[38] V. Bonnelle, et al., Characterization of reward and eﬀort mechanisms in apathy, J.
Physiol. 109 (1-3) (2015) 16–26.
[39] J. Gläscher, A.N. Hampton, J.P. O’Doherty, Determining a role for ventromedial
prefrontal cortex in encoding action-based value signals during reward-related
decision making, Cereb. Cortex 19 (2) (2008) 483–495.
[40] C.E. Strait, T.C. Blanchard, B.Y. Hayden, Reward value comparison via mutual
inhibition in ventromedial prefrontal cortex, Neuron 82 (6) (2014) 1357–1366.
[41] H. Kim, S. Shimojo, J.P. O’Doherty, Overlapping responses for the expectation of
juice and money rewards in human ventromedial prefrontal cortex, Cereb. Cortex
21 (4) (2010) 769–776.
[42] V.S. Chib, et al., Evidence for a common representation of decision values for
dissimilar goods in human ventromedial prefrontal cortex, J. Neurosci. 29 (39)
(2009) 12315–12320.
[43] D.V. Smith, et al., Distinct value signals in anterior and posterior ventromedial
prefrontal cortex, J. Neurosci. 30 (7) (2010) 2490–2495.
[44] G. Jocham, T.A. Klein, M. Ullsperger, Dopamine-mediated reinforcement learning
signals in the striatum and ventromedial prefrontal cortex underlie value-based
choices, J. Neurosci. 31 (5) (2011) 1606–1613.
[45] M.A. Boksem, M. Tops, Mental fatigue: costs and beneﬁts, Brain Res. Rev. 59 (1)
(2008) 125–139.
[46] D.V. Smith, et al., Functional connectivity with ventromedial prefrontal cortex
reﬂects subjective value for social rewards, Soc. Cogn. Aﬀect. Neurosci. 9 (12)
(2014) 2017–2025.
[47] J. Peters, C. Büchel, Neural representations of subjective reward value, Behav.
Brain Res. 213 (2) (2010) 135–141.
[48] S. Ghods-Shariﬁ, S.B. Floresco, Diﬀerential eﬀects on eﬀort discounting induced
by inactivations of the nucleus accumbens core or shell, Behav. Neurosci. 124 (2)
(2010) 179.
[49] K.L. Hillman, D.K. Bilkey, Neural encoding of competitive eﬀort in the anterior
cingulate cortex, Nat. Neurosci. 15 (9) (2012) 1290.
[50] I.T. Kurniawan, M. Guitart-Masip, R.J. Dolan, Dopamine and eﬀort-based decision
making, Front. Neurosci. 5 (2011) 81.
[51] D.T. Stuss, et al., Multiple frontal systems controlling response speed,
Neuropsychologia 43 (3) (2005) 396–417.
[52] F. Kouneiher, S. Charron, E. Koechlin, Motivation and cognitive control in the
human prefrontal cortex, Nat. Neurosci. 12 (7) (2009) 939.
[53] C. Mulert, et al., Evidence for a close relationship between conscious eﬀort and
anterior cingulate cortex activity, Int. J. Psychophysiol. 56 (1) (2005) 65–80.
[54] L. Naccache, et al., Eﬀortless control: executive attention and conscious feeling of
mental eﬀort are dissociable, Neuropsychologia 43 (9) (2005) 1318–1328.
[55] M. Walton, et al., Weighing up the beneﬁts of work: behavioral and neural analyses of eﬀort-related decision making, Neural Netw. 19 (8) (2006) 1302–1314.

14

Behavioural Brain Research 383 (2020) 112474

A. Ludwiczak, et al.

[95]
[96]
[97]
[98]

[99]
[100]
[101]
[102]

[103]
[104]

[105]

subjects and parkinsonian patients, J. Neurosci. 33 (2) (2013) 665–677.
[106] S. Gepshtein, et al., Dopamine function and the eﬃciency of human movement, J.
Cogn. Neurosci. 26 (3) (2014) 645–657.
[107] M. Kojovic, et al., Motivational modulation of bradykinesia in Parkinson’s disease
oﬀ and on dopaminergic medication, J. Neurol. 261 (6) (2014) 1080–1089.
[108] P. Mazzoni, A. Hristova, J.W. Krakauer, Why don’t we move faster? Parkinson’s
disease, movement vigor, and implicit motivation, J. Neurosci. 27 (27) (2007)
7105–7116.
[109] F.F. Sniehotta, U. Scholz, R. Schwarzer, Bridging the intention–behaviour gap:
planning, self-eﬃcacy, and action control in the adoption and maintenance of
physical exercise, Psychol. Health 20 (2) (2005) 143–160.
[110] J. Blake, Overcoming the ‘value‐action gap’in environmental policy: Tensions
between national policy and local experience, Local Environ. 4 (3) (1999)
257–278.
[111] R.E. Rhodes, G.J. Bruijn, How big is the physical activity intention–behaviour gap?
A meta‐analysis using the action control framework, Br. J. Health Psychol. 18 (2)
(2013) 296–309.
[112] I. Vermeir, W. Verbeke, Sustainable food consumption: exploring the consumer
“attitude–behavioral intention” gap, J. Agric. Environ. Ethics 19 (2) (2006)
169–194.
[113] A. Kollmuss, J. Agyeman, Mind the gap: why do people act environmentally and
what are the barriers to pro-environmental behavior? Environ. Educ. Res. 8 (3)
(2002) 239–260.
[114] G. Godin, M. Conner, P. Sheeran, Bridging the intention–behaviour gap: the role of
moral norm, Br. J. Soc. Psychol. 44 (4) (2005) 497–512.

generalized linear mixed‐eﬀects models, Methods Ecol. Evol. 4 (2) (2013)
133–142.
K. Barton, MuMIn: Multi-Model Inference, R package, 2019.
D. Ariely, J. Huber, K. Wertenbroch, When do losses loom larger than gains? J.
Mark. Res. 42 (2) (2005) 134–138.
L. Walasek, N. Stewart, Context-dependent sensitivity to losses: range and skew
manipulations, J. Exp. Psychol. Learn. Mem. Cogn. 45 (6) (2019) 957–968.
C.J. Boyce, et al., Money, well-being, and loss aversion: does an income loss have a
greater eﬀect on well-being than an equivalent income gain? Psychol. Sci. 24 (12)
(2013) 2557–2562.
A. Tversky, D. Kahneman, Loss aversion in riskless choice: a reference-dependent
model, Q. J. Econ. 106 (4) (1991) 1039–1061.
T.S. Critchﬁeld, S.H. Kollins, Temporal discounting: basic research and the analysis of socially important behavior, J. Appl. Behav. Anal. 34 (1) (2001) 101–122.
L. Green, J. Myerson, E. McFadden, Rate of temporal discounting decreases with
amount of reward, Mem. Cognit. 25 (5) (1997) 715–723.
L. Green, J. Myerson, E.W. Macaux, Temporal discounting when the choice is
between two delayed rewards, J. Exp. Psychol. Learn. Mem. Cogn. 31 (5) (2005)
1121.
S.J. Estle, et al., Discounting of monetary and directly consumable rewards,
Psychol. Sci. 18 (1) (2007) 58–63.
R.M. Krebs, et al., The involvement of the dopaminergic midbrain and corticostriatal-thalamic circuits in the integration of reward prospect and attentional task
demands, Cereb. Cortex 22 (3) (2012) 607–615.
P. Baraduc, et al., A common optimization principle for motor execution in healthy

15

