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Judgments of effort exerted by
others are influenced by received
rewards

Max Rollwage®?3%*, Franziska Pannach®?, Caedyn Stinson*, Ulf Toelch®, Igor Kagan®>%7 &
Arezoo Pooresmaeilit67*

Estimating invested effort is a core dimension for evaluating own and others’ actions, and views on

the relationship between effort and rewards are deeply ingrained in various societal attitudes. Internal
representations of effort, however, are inherently noisy, e.g. due to the variability of sensorimotor

and visceral responses to physical exertion. The uncertainty in effort judgments is further aggravated
when there is no direct access to the internal representations of exertion - such as when estimating the
effort of another person. Bayesian cue integration suggests that this uncertainty can be resolved by
incorporating additional cues that are predictive of effort, e.g. received rewards. We hypothesized that
judgments about the effort spent on a task will be influenced by the magnitude of received rewards.
Additionally, we surmised that such influence might further depend on individual beliefs regarding the
relationship between hard work and prosperity, as exemplified by a conservative work ethic. To test
these predictions, participants performed an effortful task interleaved with a partner and were informed
about the obtained reward before rating either their own or the partner’s effort. We show that higher
rewards led to higher estimations of exerted effort in self-judgments, and this effect was even more
pronounced for other-judgments. In both types of judgment, computational modelling revealed that
reward information and sensorimotor markers of exertion were combined in a Bayes-optimal manner
in order to reduce uncertainty. Remarkably, the extent to which rewards influenced effort judgments
was associated with conservative world-views, indicating links between this phenomenon and general
beliefs about the relationship between effort and earnings in society.

Every action comes at a cost and we constantly evaluate whether an effortful behaviour was “worth it”. Effort
judgments are particularly important in a social context as effort is one of the core dimensions for evaluating
behaviour of others. For instance, people who contributed more effort to a cooperative task are perceived as more
likeable!, while free-riders, who do not contribute to the joint endeavour, are punished?”. Effort estimations also
influence group dynamics and broader social attitudes, for instance, the support for welfare benefits is strongly
linked to the perception of whether the people who receive those benefits have made an effort to find a job*.
Although retrospective effort estimations have an important impact on different aspects of our lives, decision
neuroscience has so far mainly focused on prospective effects of expected effort on action plans. The common
finding of these studies is that effort is processed as a value discounting factor that is traded off against potential
rewards when making choices for oneself as well as for others!'’. However, decision-making often goes beyond
an immediate comparison between costs and benefits and involves evaluating a stream of actions and outcomes
that occur over time'!. As such, effort judgments at any given moment inherently involve a retrospective eval-
uation of the exerted effort in the past and the resultant individual or social outcomes. Surprisingly, the under-
lying mechanisms of retrospective evaluations of effort have been underexplored in cognitive neurosciences. In
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Figure 1. Experimental setup and task. (A) Participants were asked to move a ball up a ramp by performing
fast, alternating key presses. A gravity force was simulated, displacing the ball backwards by a constant amount
on each display frame. We used six levels of task difficulty, corresponding to the amount of ball displacement
per frame. After the ball was successfully pushed all the way to the top of the ramp, participants received a
monetary reward, where the reward amount was contingent upon task difficulty (the actual reward value was
drawn from Gaussian distributions with means ranging from 1.5 to 6.5 cents and a standard deviation of 1.2
cents). Subjects rated their effort by shifting the position of a vertical sliding bar. In half of the trials participants
performed the task themselves and rated their own effort. In the other half, participants rated the other person’s
effort after watching them performing the task. (B) Subjects were seated next to each other in the same room,
separated by a partition wall. When the partner was pressing the keys to push the ball, subjects saw on their
screen how the ball was moved up the ramp and heard via the headphones a beep tone for every key press the
other person was conducting.

comparison, social psychology has extensively investigated retrospective evaluations of effort and the interactions
between attribution of rewards and effort depending on the social context (e.g. attribution theory'? and effort
justification'?). For instance, it has been shown that people differ in the attribution of success when evaluating
their own behaviour (where success is attributed to more effort'*) or others’ behaviour (where success is attributed
to luck'>"). However, to understand the underlying mechanisms of such interactions during decision-making,
a computational approach is required where the contributions of rewards and effort to the outcome evaluations
are analytically modelled!¢-18,

A recent study by Pooresmaeili and colleagues began to fill this gap by using a computational approach to
investigate different contributing factors that influence retrospective effort evaluations". Intuitively, people might
have the impression that they hold accurate representations about the effort they, and others, have spent. In
contrast to this intuition, in this study self-judgments of effort were influenced by the magnitude of obtained
rewards: the same level of effort was rated differently depending on the reward, reflecting a bias in effort estima-
tions. However, it is not known whether the influence of reward on effort estimations is limited to self-judgments
(i.e. representing a form of self-serving bias***!) or whether reward information is invariably incorporated when
judging exerted effort in other contexts as well.

Interestingly, in the study of Pooresmaeili et al.'® the integration of rewards into effort judgments depended on
the contingency between reward and task difficulty: reward had a larger influence when it had a strong associa-
tion with the task difficulty, and hence, provided reliable probabilistic information about the exerted effort. Thus,
the integration of reward into effort ratings resembled Bayesian cue integration®*-*, according to which different
sources of information are combined, weighted by their reliability, to infer the “true” state of the world. In such a
paradigm, the consideration of rewards provides an additional source of information for estimating the exerted
effort, rather than an irrational bias. This might be especially true when judging another person’s effort, because
of a stronger inherent uncertainty. In this case, people do not have access to the internal, interoceptive feelings of
exertion and therefore can only make judgments based on less reliable externally observable information - e.g.
how much time was spent on a task. Therefore, we predict an enhanced influence of reward on judgments about
others’ effort compared to self-judgments.

The weighting of different information sources by their reliability might be further influenced by prior beliefs
about the relevance of each information source. For instance, there is a wide range of individual differences
regarding assumptions about the relationship between effort and success/reward. A potential driver of those
individual differences could be a Protestant work ethic which is often associated with conservative world-views?.
Moreover, the belief that success/reward is mainly driven by investment of effort might lead to justifying eco-
nomic hierarchies and contribute to stabilization of existing inequalities'***?’. Such beliefs and their ensuing atti-
tudes show a considerable overlap with political conservatism as it has been proposed that preference for social
stability and acceptance of social inequalities are two core aspects of conservative world-views?>*. We therefore
hypothesized that the extent to which reward influences effort estimations in a simple task might be related to
broader conservative attitudes.

In the current study, we asked pairs of subjects to perform an effortful sensorimotor task, interleaved with a
partner, and to rate either their own or the partner’s exerted effort (see Fig. 1). The task varied in difficulty (6 dif-
ficulty levels) and after each trial, but before the effort rating, both participants were informed about the obtained
reward. We investigated whether participants similarly integrated reward magnitude into their effort judgments
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for self- and other-judgments, and whether this incorporation of reward information would be in line with the
principles of Bayesian cue integration for both judgment types. Secondly, we tested the hypothesis that the incor-
poration of rewards into effort judgments might be associated with conservative attitudes.

Methods

Participants. The final sample included 51 subjects (28 females, age 20-38 years, mean 26.97, SD 3.95 years).
The primary aim of our study was to investigate a group level effect for the influence of reward on effort ratings.
However, we also wished to investigate individual differences with regard to the relationship between reward inte-
gration and conservative attitudes. We therefore had to balance group homogeneity (advantageous for investigat-
ing group level effects) versus heterogeneity (advantageous for investigating individual difference correlations).
Thus we decided to acquire a homogenous sample in terms of education level - consisting of 92% university
students — while we also ensured that a certain amount of diversity existed amongst our participants since they
were from ~25 different fields of studies and included both German and English native speakers (86% German),
with 64% working part-time (versus unemployed or exclusively studying). Our sample also proved to contain a
reasonable degree of diversity with regards to the conservative world-views (self-report of political orientation —
ranging from 0 = very liberal, 100 = very conservative - mean 42.3, SD 21.9).

Eleven subjects were excluded from the original sample (N = 62) as there was strong indication of random
effort ratings (but we note that when not excluding any participants the results are qualitatively similar, see
Supplementary Information for results of the full sample). Specifically, task difficulty was the experimental fac-
tor controlling required effort, thus subjects should show an association between task difficulty and their effort
ratings. Therefore, 11 subjects whose effort ratings were not significantly influenced by task difficulty (i.e. no
significant effect of a trial-by-trial linear regression between task difficulty and effort ratings, see Supplementary
Fig. S1) were excluded. Participants were paid 8 Euro per hour, plus a bonus based on their performance in the
experiment, resulting in a total mean payment of 20.14 £ 1.8 Euro. All subjects gave written informed consent
before taking part in the experiment after all the procedures were clearly explained to them. The study was con-
ducted in full accordance with the Declaration of Helsinki and was approved by the local ethics committee of
University Medicine Goettingen, proposal number 15/7/15.

The sample size was determined by an a priori power analysis which was based on the effect sizes of
Pooresmaeili and colleagues. The targeted sample size (N =62) gave us power of 99% to replicate the influence of
reward on self-judgments, 77% power to detect a small to medium difference between self- and other-judgments
(Cohen’s d=10.35) and 77% power to detect at least a medium correlation between our behavioural effects and
conservative world-views.

Experimental design. The behavioural experiment was adapted from a previous study'? in order to test two
subjects simultaneously, and lasted around 2 hours. Participants pressed two keys of the keyboard, as fast as possi-
ble, to push a ball up a virtual ramp before rating the exerted effort (see Fig. 1A). Trials were presented interleaved
between both subjects. In half of the trials participants performed the task themselves and rated their own effort
(self-judgment). In the other half, participants rated the other person’s effort (other-judgment) after watching
them performing the task. Each participant in a pair performed 200 trials resulting in a total of 400 trials which
were grouped into 10 experimental blocks (each containing 40 trials).

While the participants tried to push the ball up the ramp with fast alternating key presses, the ball rolled back
by a constant amount during each frame of the display, simulating a gravity force. This gravity force differed
pseudo-randomly between trials and created the six difficulty levels of the task (individually adjusted for each
participant, see below). If the participants managed to push the ball up the ramp within 10 seconds they were
rewarded for this successful trial (only the participant who performed the trial was rewarded). The amount of
reward was contingent on the task difficulty and the actual reward value was drawn from Gaussian distributions
with means ranging from 1.5 to 6.5 cents and standard deviation of 1.2 cents. In most of the trials (70%) the
reward was presented before participants rated the effort, but in some of the trials (30%) the reward was presented
after participants had judged the effort. Trials in which reward was shown after the estimation of effort served as
areference, since in those trials no influence of reward was present.

The subjects were seated inside the same room, next to each other, separated by a partition wall (Fig. 1B).
Participants met face-to-face and were introduced to each other before the experiment. Hence, they had con-
vincing information that they were actually rating the effort of another person during the experiment. On the
screen, participants observed the ball moving up the ramp, independent of whether they performed the task
themselves or whether the other person was playing. Moreover, subjects wore headphones and each key press
(theirs or their partner’s) was accompanied by a beep tone, such that they had visual and auditory information
about the key presses on every trial. In trials where the participants conducted the task themselves they judged
their own exerted effort and in trials when the other person performed the task, they estimated the effort that the
other person had performed. Subjects did not see their partner’ ratings, in order to prevent reciprocal influences.

Stimuli and task. The stimulus presentation and registration of behavioural responses was controlled by
one personal computer. Stimuli were produced with MATLAB and the Psychophysics Toolbox*’. Each trial con-
sisted of a stimulus (ball and ramp), a reward, and an effort rating display all shown on a black background (a
trial timeline is shown in Fig. 1A). The stimulus display contained the ball (radius: three visual degrees), initially
positioned at the leftmost (starting) part of the ramp (ramp length: 19 visual degrees; both ball and ramp had a
light grey colour). The ball was displaced up the ramp with consecutive alternate key presses (left and right arrow
keys) until it reached the upper plateau. Each key press resulted in a constant amount of displacement (0.87 visual
degrees per key press) and was counteracted by a gravity force of variable strength that displaced the ball back-
ward. Moreover, each key press caused a beep tone which was played on the headphones of both participants. The
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gravity force levels for each subject were determined individually at the beginning of the experiment by having
each subject perform two trials in which they pushed the ball up the ramp by pressing both keys alternately and
consecutively as fast as possible. These trials were coded in a way that faster key presses adaptively increased the
difficulty of the task. Thus the amount of key presses was not limited to a specific upper plateau - for every par-
ticipant the task was adaptively adjusted to match their maximum possible speed of key presses. To motivate the
participants during these trials, they were told that they would receive a 1 Euro bonus if they managed to push the
ball up the ramp. In the main experiment, 90% of the gravity force necessary to counteract the maximum number
of key presses in a limited time (10s) averaged across these two trials determined the maximum gravity force.
Five further equally spaced gravity levels were calculated at subsequent 10% steps (80%, 70%, 60%, 50%, 40%).
This estimation was done for each participant alone; the other participant of the pair waited outside the room.

During the main experiment, trials were aborted if key presses did not occur fast enough (maximum pause
allowed was 2s). If participants were able to successfully push the ball to the top of the ramp, they received a
monetary reward, with the amount contingent on task difficulty. Reward magnitude was defined based on six
Gaussians with means of 1.5, 2.5, 3.5, 4.5, 5.5, and 6.5 cents with a SD of 1.2 cents. Based on the difficulty level of
the trial the reward was drawn from one of these Gaussian distributions (e.g. for difficulty level six the reward was
drawn from the Gaussian with mean of 6.5 cents). Thus, over all trials reward was related to difficulty levels (as the
difficulty determined the mean from which the reward was drawn), but within one difficulty level the reward was
randomly drawn from a Gaussian distribution. Participants were not explicitly informed about this relationship
but had to infer this contingency through learning (see Supplementary Information for additional information).
The reward display consisted of a pie chart that depicted subjects’ reward as a proportion of maximum reward
possible and a number that showed the reward in Arabic numerals. The effort rating display consisted of a slider,
and participants were instructed to set the slider at a position that represented their perceived effort during a trial.
Specifically, participants were informed that they should regard the maximum of the effort scale as the maximum
effort level they could experience in the task and that they should rate their effort proportionate to this maximum
level. In 70% of trials, the reward display was shown immediately after the stimulus display, whereas in 30% of
trials it occurred after the rating of effort. A subset of trials (20% of all trials, randomly chosen) included an addi-
tional colour-report task at the end of the trial. In this task, subjects were asked to report whether they had seen a
brief (21 ms, three display frames) colour change on the ball (to green, red, or blue), which occurred in 50% of the
trials. The colour-report task served two purposes. Because task difficulty and reward were the only parameters
that varied across trials, we intended to distract participants from the main purpose of this experiment to prevent
ad hoc strategies of relating reward and effort. Moreover, this task ensured that subjects followed the movements
of the ball on the screen (both when performing the task themselves as well as when observing the other partic-
ipant). This attention check showed that participants indeed engaged in the task and paid equal attention to the
screen for self- and other-trials (performance accuracy: mean = SD: 68% =+ 14% and 69% =+ 12% for self and other
respectively; accuracy in both cases was significantly higher than 50% chance level as verified by Wilcoxon signed
rank test, p < 0.001).

Before the actual experiment started, participants conducted 36 training trials (which were not analysed) to
become familiar with the experiment and to learn about the effort-reward contingency. We did not explicitly
inform participants about the effort-reward contingency in order to avoid demand characteristics that could
have prompted participants to pay exaggerated attention to the relationship between rewards and the task (see
the Supplementary Information for additional analysis indicating that these contingencies were indeed learned).

Questionnaires. Prior to the experiment (24 hours before the behavioural experiment), participants com-
pleted online questionnaires about social attitudes and political orientation. We used a political orientation
self-report (on a scale from 0 = “very liberal” to 100 = “very conservative”) to assess explicit conservative orien-
tation. As indirect indicators for conservatism we also assessed social dominance orientation®, reflecting a gen-
eral preference for hierarchical intergroup relations, and right-wing authoritarianism®, measuring authoritarian
submission, authoritarian aggression, and conventionalism?®. Since we were interested in the underlying factors
linking these scales, we conducted a factor analysis over the scales, using maximum-likelihood estimation. The
number of factors was based on the Scree-test* (see Supplementary Fig. S2), which indicated that one factor was
sufficient to explain the interrelation between these questionnaires. Factor scores of the first factor were extracted
and used to correlate political orientation with the behavioural measures.

Since conservatism, especially right-wing authoritarianism and social dominance orientation, have been
reported to correlate negatively with empathy®"*°, and empathy could arguably have an impact on our behav-
ioural effects of interest, we assessed empathy and perspective-taking as covariates™.

Statistical analysis. All presented results were tested with two-tailed tests. Results from regression analysis
are always reported as standardized betas. Outlier values of effort ratings (3 standard deviations above or below
the participant’s mean effort) were removed from the analysis, since some subjects reported in the debriefing
to have occasionally rated extreme effort values to test their assumptions about the aim of the experiment (e.g.
whether they could influence the received reward by their effort ratings). However, when not excluding any effort
ratings from the analysis the results were qualitatively similar (see Supplementary Information for results without
any excluded effort ratings).

For the analysis of the relationship between trial-to-trial variation in reward magnitude and effort ratings,
both were z-scored within difficulty levels, resulting in values representing variation in reward magnitude and
effort rating with respect to the average of the corresponding difficulty levels. After having created these within
difficulty variations we pooled them across all difficulty levels and conducted a robust linear regression (robust
regression toolbox in MATLAB) with the reward as predictor and effort ratings as the dependent variable.
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For comparison of the computational models, each model was fitted to participants’ effort ratings, separately
for self- and other-judgments, and Bayesian Information Criterion (BIC) scores®”* were calculated. For model
comparison the sum of individual BIC scores was used.

To investigate the relationship between conservative world-views and the influence of rewards on effort esti-
mations, linear regression analysis was used. Scores of the first factor from the factor analysis were used as an
indicator for conservative world-views. The z-scored sum of slopes for self- and other-judgments between reward
magnitude and effort estimations was used as a model-free indicator for the influence of rewards on effort esti-
mations. As a model-based measure of reward integration, we used the sum of reward weights predicted by the
Bayesian average model (W,.q+ Wy.oer). These were positively correlated (r=0.36, p=10.01), indicating a general
tendency to integrate rewards into effort-ratings independent of whether judging oneself or another person. The
influence of rewards on effort estimations was used as the predictor and conservative-world views as the depend-
ent variable in the linear regression analysis, controlling for empathy and perspective-taking as covariates.

Results

Reward magnitude influences effort estimations for self- and other-judgments.  We investigated
whether people integrate reward magnitude when judging the effort another person has exerted. Participants
performed an effortful task interleaved with a partner and rated either their own or the other partners effort
(Fig. 1). We first investigated the influence of reward magnitude on effort estimations by regression analysis of
trial-to-trial variation in reward magnitude and effort estimation. This analysis yields a model-free measure of the
influence of reward on effort ratings (model-free slope). The analysis was conducted separately for the self- and
the other-judgments of each participant and only trials in which reward information was presented before the
effort rating were considered here (70% of trials). The regression slopes (3 ,04c1-frec) Were calculated between the
trial-to-trial variation of reward (reward,min-gifficulty variation: Fe€Wards were z-scored within each difficulty level) and

estimated effort (Effort,ipin-aifficulty variation® €ffort ratings were z-scored within each difficulty level).

Effortwithin—difficulty—variation = Pmodel —free * rewardwithin—difficulty—variation +e (1)

Higher rewards were associated with higher effort ratings (Fig. 2A,B), everything else being constant.
Across subjects, there was a significant influence of reward variation on effort estimations for self-judgments
(one-sample signed test, p < 0.001, Cohen’s d =0.57, Fig. 2B) as well as for other-judgments (one-sample signed
test, p < 0.001, Cohen’s d =0.73, Fig. 2B). Interestingly, the effect of rewards on effort estimations was signifi-
cantly stronger for other- than self-judgments (mean slopes of 0.15 and 0.1 respectively, Wilcoxon signed rank
test, p=0.015, Fig. 2C). Nevertheless, the amount of reward integration (i.e. the model-free slope measure) for
self- and other-judgments was highly correlated across subjects (r =0.76, p < 0.001; Fig. 2C), indicating that inte-
grating reward information into effort judgments is a general tendency of individuals, independent of the type of
required judgment. We obtained similar results when we controlled for slight differences between actual gravity
forces of trials that belonged to the same difficulty level (see Supplementary Information).

Computational modelling reveals that reward information and perceived level of exertion are
combined in a Bayes optimal manner. Having established an influence of reward magnitude on self-
and other-judgments of effort, we next investigated how rewards were integrated with other information sources
related to the exerted effort to form the final effort ratings. This computational approach allowed us to explore
the mechanisms underpinning the influence of reward on effort ratings (cf. Fig. 2). To this end, we compared the
predictions of five computational models with the behavioural data. These models focussed on the manner in
which two informative cues related to the level of exertion, i.e. performance-related information (E,) and reward
information (E,), are combined to form the final effort rating (Fig. 3).

The first informative cue, referred to as E, provides an estimation of the expended effort based on observable,
performance-related information as measured by the amount of key presses and the duration of a given trial.
These quantities were observable by subjects in every trial, both for self- and other-judgments, albeit poten-
tially with greater saliency on self-judgment trials. As perceived exertion is expected to increase with increased
physical output and trial duration, E, models the participants’ subjective effort estimation using objective
performance-related information (as shown in Fig. 4A,B,D, see also Supplementary Fig. S3). We can leverage this
to deduce participants’ presumed internal effort representations based on such observable quantities. Thus, we
can define the expected effort estimation given performance-related information (key presses and elapsed trial
time) as follows:

E, = By, + Byxkey presses + (ytime + ¢, -

where f,, 3y and 3, were fitted to the trials in which the effort was rated before the reward was revealed (30% of all
trials), giving an estimation of effort judgments that is unaffected by reward information.

The second informative cue referred to as E, reflects the degree to which exerted effort could be inferred
from rewards. Based on the task design, rewards were contingent on task difficulty, and thus on exerted effort
(Fig. 4C,D). In other words, rewards carried probabilistic information regarding difficulty levels (i.e. the actual
reward for each trial was drawn from a Gaussian distribution around a certain mean). Due to this relationship,
there was a correlation between rewards and effort, as more difficult trials yielded higher rewards and also led to
higher effort judgments. Importantly, this correlation was present in all trials, including those where effort was
rated before reward presentation. Therefore, we can use these trials to quantify the degree to which effort judg-
ments (E,) can be predicted based on reward as follows:
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Figure 2. Influence of reward on effort judgments for self and others. In order to estimate the influence of
reward on effort judgments, the trial-by-trial fluctuations in rewards were used in a linear regression to predict
estimated effort, separately for self- and other-judgments of each subject. (A) Data of one representative subject
is shown as a scatter plot and a linear regression between trial by trial variation in reward and effort for self-
(left) and other-judgments (right). Trial-by-trial reward magnitudes and effort ratings were z-scored within
each difficulty level, representing variations in comparison to the average of the difficulty level. (B) Group
average of the model-free slope + standard error of mean are presented (N =51). (C) The individual model-free
slopes for self- (x-axis) and other-ratings (y-axis) are presented as a scatterplot. The diagonal line represents

the line of equality; a point on this diagonal would indicate that a subject shows the same amount of reward
integration for self- and other-judgments. The example subject in (A) is indicated by an orange dot. One-sample
signed test and Wilcoxon signed rank test, two-sided *p < 0.05, **p < 0.01, ***p < 0.001.
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Figure 3. Multiple information sources are integrated to form a final effort rating. Two types of information
are combined to derive the final effort estimation (E): E,, the effort estimation based on performance-related
sensory information (measured by amount of key presses and trial duration), and E,, the effort estimation based
on reward-related information. Both estimates are also subject to noise, and will differ by some degree. Bayes
optimality predicts that effort ratings will be best described by the Bayesian average model, where the influence

of each signal on E is weighted by its reliability (w, and w,), represented by the width of the distributions (¢?,
and o?,).

E, =8, + B,xreward + ¢, (3)

Analogously to Eq. (2), we derived 3, and 3, from the trials in which the effort was rated before the reward was
revealed. Although in these trials subjects were not exposed to the rewards at the time of the effort rating, their
effort judgments were still affected by the task difficulty. Therefore, we can use 3, and (3, to capture the theoretical
information that rewards convey regarding the perceived difficulty (i.e. mean difference of reward between dif-
ficulty levels) and hence exerted effort, but not the actual impact of reward on effort judgments. The error term
(¢,), represents the (un)certainty (e.g. due to some overlap of rewards between the different difficulty levels) with
which exerted effort can be theoretically inferred from rewards.

Both effort estimations, E, and E,, are associated with some uncertainty, representing how well exerted effort

can be inferred from those different sources. The uncertainty associated with E, and E, can be formalized as the
mean squared error:

ol = l; g2
pr P
nicy (4)

and

nizy (5)

where n is the number of 30% of trials where effort was rated before the reward was revealed.
We then fixed 3,, B, B Bor B> 0; and o?, and applied them to the trials in which effort was rated after the
reward was revealed (70% of trials), to get a trial-by-trial estimation of subjects’ internal effort representation
based on either performance related information (E,) or reward information (E,) only. In each of these trials, E,

and E, can differ by some amount (AE = 0). We consider several models of how these two informational sources
might be integrated into the actual effort rating E.

Model 1 (performance only model) assumes the actual effort rating is only based on the E, without taking
reward information into account. Thus, the E, would directly result in the actual effort rating E:

E=E, (6)
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Figure 4. Performance-related and reward-related effort estimates for self-and other-judgments, used in
computational models. (A-C) Scatter plots showing the data of one representative subject. See Supplementary
Fig. $4 for the data of all participants. (A) Relation between the number of key presses and effort ratings for self-
(left) and other-judgments (right), based on the trials in which effort was rated before the reward was revealed
(30% of all trials). The regression lines show (3; for this participant. (B) Similar to (A) for the relation between
trial duration and effort ratings. (C) Similar to (A) for the relation between reward magnitude and effort ratings.
Note that this relation effectively captures the correlation between reward and effort ratings built-in by the task:
more difficult trials were associated with higher rewards and were subjectively rated with higher efforts,
therefore reward was related to the subjective estimations of exerted effort in these trials. (D) Group

average =+ standard error of the mean of the relationship between effort ratings and key presses (3,), elapsed trial
duration (3,) and reward (3,), for self- and other-judgments. Note that the relationships between all task
variables (key presses, time and reward) and effort ratings are higher for self-judgments, which is expected as in
general people have more reliable estimates of their own effort. (E) Group averages + standard error of mean of
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o2, Uf (derived from Egs. 2-5) and w, (derived from Model 4). In line with panel D, o2 and cf values were

higher for other- compared to self-judgments. This indicates that all the task variables were less reliable
predictors of effort judgments for others compared to self-judgments. However, this effect was more
pronounced for the performance-related criteria (key presses and time) than for rewards (two-way repeated
measures ANOVA with factors self/other and performance/reward): the main effect of self vs. other

F(1,50) =16.743, p=0.0002; the interaction F(1,50) = 16.743, p=10.0002). Therefore, reward was a relatively
more reliable predictor of effort-ratings for other- than self-judgments. Thus, the model-based reward weighting
parameter (w,) predicted by the Bayesian average model was higher for other- than self-judgments, in line with
model-free results shown in Fig. 2.

Model 2 (reward only model), in contrast, only relies on reward information (E,) and completely ignores
performance information:

E=E, %)

Model 3 (simple average model) assumes that both sources of information are considered and that E is an
equally weighted average of E, and E,:

EzO.S*EP+0.5*Er (8)

So far, the models did not take the reliability of the information into account. However, Model 4 (Bayesian
average model) assumes that the variance of the different sources of information is used in order to weight E, and
E, in a Bayes optimal way (see Fig. 3):

E=w,*E, +w xE 9)

where w, = 1/0%/(1/0%,4-1/6°,) and w, = 1 — w,. The variances ¢, and o2, are derived as explained above (Egs. (4)
and (5)) and the weights are directly derived from variances. Therefore, models 1-4 contain no free parameters.

Moreover, it might be possible that E, and E, are combined, but with a different weighting than predicted by
any of the previous models. Thus, in Model 5 (flexible weighting model) we set the weighting parameter w, as a
free parameter and w,=1 — w,. In contrast to Model 4, in Model 5 w, and w,, are not directly derived from the
estimated variances.

The model evaluation was done by computing the maximum-likelihood fits to the trial-to-trial data of
individual subjects, separately for self- and other-judgments. The quality of fits was compared by the Bayesian
Information Criterion (BIC)373,

The model comparison revealed that for both, self- and other-judgments, the Bayesian average model had the
lowest BIC (Table 1), showing that this model provides the most accurate and parsimonious account of the data.
For self-judgments the second best model was the flexible weighting model, whereas for other-judgments it was
the simple average model.

These results provide additional evidence that reward information is integrated when forming effort esti-
mations about self and others. Moreover, subjects integrate different sources of information weighted by their
reliability, as predicted by Bayesian cue integration. Therefore, the integration of rewards into final effort ratings
appears optimal in terms of information usage as rewards are combined with performance-related information
based on the reliability with which each information source can be used to infer the exerted effort.

Importantly, the Bayesian model can account for the differential integration of rewards for self- and
other-judgments (cf. Fig. 2B). Indeed, the model predicts that rewards should be assigned with a higher weight
(i.e. w, as in Eq. (9): model-based reward weighting) during other- compared to self-judgments (mean =+ SD:
Wrgetp 0.43 2 0.055 W, ope, 0.46 3 0.04; Wilcoxon signed rank test, p < 0.001, see Fig. 4E). Crucially, this model not
only predicts a difference between self- and other-judgments, but also provides a mechanistic explanation for
why this difference should occur. In line with theoretical assumptions that participants should have more uncer-
tainty when judging other people’s effort, we found that 62 was indeed higher in the other- compared to
self-judgments (Wilcoxon signed rank test, p < 0.001, see Fig. 4E). This suggests that the stronger incorporation
of rewards into other-judgments is indeed due to the inherently higher uncertainty for estimates of another
person’s exertion level.

The extent of reward incorporation into effort judgments is linked to conservative world-views.
After having demonstrated that reward influences the estimation of exerted effort of self and others, we asked
whether this behavioural effect showed any meaningful relationship with broader social attitudes. We hypoth-
esized that over-reliance on reward information in effort estimations could be associated with acceptance of
economic inequalities and reluctance to social change, as these attitudes might represent a prior assumption
about strong links between effort and reward/wealth. In order to probe a relationship between our behavioural
effects and broader social attitudes, we assessed several questionnaires related to conservative world-views*"*?
(see Methods) and conducted a factor analysis on these scales using maximum-likelihood estimation. Based on
the Scree-test™ we identified a sharp drop in eigenvalue after the first component (see Supplementary Fig. S2),
indicating that one factor, explaining 76% of the variance, was the best and most parsimonious solution for the
covariance structure of the questionnaire data. We interpreted this factor as “conservative world-views” based on
the factor loadings (Fig. 5A). This factor represented acceptance/support of economic inequality, reluctance to
social change and obedience to established authorities.
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Self-judgment Other-judgment
Model BIC ABIC MedianR? | BIC ABIC Median R?
1. Performance only | 14908.6 +70.2 0.316 16078.3 +310.7 0.193
2. Reward only 16246.2 +1407.8 0.194 16402.1 +634.4 0.092
3. Average 14952.9 +114.4 0.306 15777.4 +9.7 0.196
4. Bayesian average | 14838.4 0 0.336 15767.7 0 0.205
5. Flexible weighting | 14855.6 +17.2 0.362 15868.3 +100.6 0.218

Table 1. Results of model comparison. BIC: Bayesian Information Criterion. BIC values are summed across 51
subjects. The Bayesian average model (bold font) had the lowest BIC score and is therefore ranked highest by the
model comparison. ABIC: Difference in BIC of each model minus the BIC of the best fitting model (BIC 4 -
BICbest)'

We extracted factor scores for every subject and correlated them with our behavioural effect of reward integra-
tion into effort judgments (with both the model-free slope as well as the model-based reward weighting parame-
ter). Due to the high correlation between the model-free slope for self- and other-judgments (cf. Fig. 2C), we used
the sum of both effects (from the model-free analysis: slope,+ slope.,) as an indicator for the extent to which
subjects were biased in their effort estimations by rewards.

In line with our hypothesis, subjects with stronger influence of reward magnitude on effort estimations dis-
played more conservative world-views (3=0.43, p=0.003, see Fig. 5B), underlining an interesting link between
this behavioural effect and social attitudes. Importantly, this association between conservatism and reward influ-
ence could also be shown when separately considering self-judgments (3=0.33, p=0.02) and other-judgments
(3=0.46, p=0.001).

We then asked whether the reward integration in conservative participants followed the principles of a Bayes
optimal model where the weight assigned to the reward is proportional to the uncertainty in performance-related
effort estimates (i.e. 02, in Eq. (4)). In order to test this hypothesis we performed two follow-up analyses.
Firstly, we calculated the correlation between each individual’s model-based reward weighting parameter
(W, = Wr.ge+ Wr.oper) derived from the Bayesian average model and the score on conservative attitudes. Indeed,
more conservative participants showed higher w, parameters (3 =0.39, p=0.005), suggesting that they integrated
rewards more strongly due to higher uncertainty regarding the effort a person has exerted (the same result held
true when looking separately at w,..: 3 =0.33, p=0.015 and w,..,: 3=0.31, p=0.03). However, if the degree
of reward integration in this group was fully accounted for by a Bayes optimal strategy, the direct effect of the
model-free slope measure of reward integration (slope,,+ slopeyy,.,) on conservative attitudes should disappear
when controlling for the effect of w,, as the model-based weighting parameter (w,) would fully capture the reward
influences that are Bayes optimal (i.e. adjusted based on the degree of uncertainty in performance-related effort
estimates). Intriguingly, this was not the case. When simultaneously entering the model-free slope measure and
the model-based reward weighting parameter as predictors of conservative attitudes, we found separate signif-
icant influences of w, (3=0.42, p < 0.001) and the model-free slope measures of reward integration (3 = 0.46,
p <0.001). This indicates that the strength of the influence of reward information on effort judgments in conserv-
ative participants is over and above the predictions of the Bayes average model.

It is remarkable that an association between a low-level behavioural task and high-level social attitudes could
be found. In particular, the size of this effect is surprising (R?=0.33, using the model-free and model-based
measures of reward integration as simultaneous predictors) since the influence of reward explained the variance
of conservative attitudes at least to a similar extent as well-established socio-demographic predictors such as age,
gender, education or income®-*.,

Discussion

We used retrospective effort evaluations during a sensorimotor task to show that judgments about our own and
other people’s exerted effort are influenced by received reward magnitude, with more pronounced effects for
other-judgments. Computational modelling revealed that both judgment types were constructed in a Bayes opti-
mal manner, weighting performance-related information and rewards by their reliability (inverse of variance).
This model explains the increased integration of rewards for other-judgments as an optimal strategy to compen-
sate for the inherently higher uncertainty in judging someone else’s effort. Furthermore, the extent to which indi-
viduals were influenced by rewards when judging efforts was positively correlated with conservative world-views.
The relationship between conservatism and the strength of reward integration was partially, but not completely,
explained by a Bayes optimal strategy, pointing to other contributing factors.

Both self- and other-effort judgments were influenced by received rewards, showing that this effect is not an
instance of self-serving bias but instead represents a general cognitive process of information usage. Importantly,
the influence of rewards was even stronger when judging someone else’s effort. This finding is contrary to predic-
tions from psychological attribution theory that success (i.e. high reward) is more strongly attributed to internal
factors (i.e. exerted physical effort) for self-judgments compared to other-judgments*?. In contrast, other studies
have found that people incorporate outcomes less when making judgments about themselves as compared to
others®, which is in line with our findings. In those studies the differential incorporation of outcomes for judg-
ing own and others’ behaviour has been described as an introspection illusion®*=*> suggesting that people put too
much weight on subjective internal information when evaluating themselves, deviating from optimality. Our
results however do not support the interpretation that people necessarily weigh internal and external information
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Figure 5. Conservative world-views (factor scores) are positively correlated with the amount of reward
integration into effort estimation. (A) A factor analysis over multiple questionnaires revealed that one factor
(based on Scree-test), which can be interpreted as conservatism, explained the interrelation between these
scales. SDO: social dominance orientation; RWA: right-wing authoritarianism. (B) Stronger influence of
rewards on effort estimations is positively associated with conservative world-views. The z-scored sum of the
model-free slopes for self- and other-judgments (slope,. s+ slopey.) is used as a model-free indicator of reward
integration. Since we controlled for empathy and perspective taking in the regression analysis, we present values
of reward integration from which influences of these covariates are regressed out (N =51). Linear regression,
two-sided **p < 0.01.

sub-optimally during self-assessment. Using computational modelling, we showed that people weigh internal
(subjective representations of exertion level based on key presses and trial duration) and external (reward) infor-
mation in a statistically optimal fashion where the weight of each information source is determined by its reli-
ability. This complements recent findings showing that updating of decisions in a social context follows Bayes
optimal principles*. Furthermore, it follows from Bayes optimal integration of information that subjects should
incorporate rewards more when judging other people’s effort because they have less reliable estimates of others’
performance-related criteria. Thus, our results build on and extend a previous body of work on how people
attribute outcomes for self or others to external and internal causes, providing a computational framework that
helps to understand the cognitive processes underlying asymmetries in attribution of outcomes for self vs. others.

In our study, rewards were contingent upon performance and hence provided a reliable source of information
regarding the expended effort. Therefore, it was rational to use rewards in order to infer the level of effort and
our modelling results show that this was accomplished through Bayes optimal integration of information. While
Bayesian integration of information has been shown to underlie many aspects of decision-making, our study
reveals its link to judgments of effort made in a social context for the first time. The Bayesian framework predicts
that the integration of rewards into effort estimations should be limited to situations when reward is indeed
a valid cue for exerted effort (i.e. reward is contingent on task difficulty and thus correlated with effort). This
assumption is supported by findings of a previous study'® where we included a condition in which rewards were
random/unrelated to task difficulty. In this condition participants did not show an influence of rewards on effort
estimations for self-judgments.

At the same time, it is known that the human brain is extremely sensitive to reward acquisition*’, and
decision-making agents are irrationally biased to repeat choices that recently led to reward outcomes even when
such outcomes were dissociated from long-term informational value*®. Therefore, it would be important to inves-
tigate if the receipt of a monetary outcome such as used in our study, has stronger influence than would be
explained by the purely informational content of the reward feedback (or any other abstract task-contingent
feedback).

The weighing of different relevant information sources by their reliability is the optimal way of combining
information. In such a scheme, increased incorporation of reward information occurs when effort estimates
based on performance criteria are less reliable. We propose that inferring the precision of internal representations
of effort based on the actual physical exertion level (here modelled as the amount of key presses and elapsed time)
is a form of metacognitive ability*’ enabling humans to accurately monitor and report their mental states. It would
be interesting to probe whether an improvement of this metacognitive ability (e.g. by training) might result in a
reduced incorporation of reward information when rating one’s own effort, as would be predicted by the Bayesian
framework.

The finding that more conservative attitudes correlated with greater influence of rewards on effort estimations
shows that the behaviour in a basic sensorimotor task might generalize to more global attitudes with poten-
tial societal ramifications. This resembles our recent study showing that people holding radical political beliefs
showed reduced metacognitive abilities, as measured in a low-level perceptual task*’. While we are convinced that
laboratory tasks in conjunction with computational modelling provide critical insights for gaining a mechanistic
understanding of the cognitive and neural processes underpinning (political) attitudes®>?, we also acknowledge
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the limitations of our approach. Due to the time consuming nature of our psychophysical task, the sample in our
study was relatively small and of reduced diversity (predominately German students). However, the strength of
the relationship between conservative views and our behavioural effects indicates the robustness of this effect. On
the other hand, exposure to a Protestant work ethic could be a factor influencing our behavioural results, making
our findings particularly relevant for western societies where the debate on meritocracy is particularly intense®.

Our data indicate that conservative people integrate reward more into effort ratings, partly due to higher
uncertainty in estimating effort based on other information sources. Interestingly, there is a solid body of lit-
erature suggesting uncertainty aversion as one of the core psychological foundations of conservative attitudes
(see” for an extensive review). It might be promising to revisit those existing psychological findings by using
a computational approach to see whether findings about uncertainty aversion could be accommodated within
a Bayesian framework, to facilitate examining the neurocognitive underpinnings of social and political atti-
tudes®***. Importantly however, the increased effect of reward in more conservative participants was not fully
explained by the increased uncertainty of effort estimates. In fact, conservative participants integrated rewards
over and above the extent predicted by a Bayes optimal model. We suggest that this might reflect the contribution
of other socio-economic factors such as a stronger prior belief regarding the relationship of reward and effort in
our society, and a pursuit of deterministic rationalization.

What are the societal ramifications of the finding that more conservative people exhibit a stronger influence
of rewards when judging their own and especially other people’s effort? We surmise that in some situations, such
exaggerated influence of reward can lead to a biased perception of people’s exerted effort. Our results suggest
that people with conservative views might judge other people’s effort more through the received gains, indicat-
ing that in everyday life they might adhere to the view that people with low income have also exerted less effort,
and conversely, prosperous people deserve their wealth since they have worked harder, perhaps ignoring other
contributing factors. Our fine-grained analysis enables a better understanding of the cognitive building blocks
contributing to such societal attitudes.

In summary, we have shown that retrospective judgments about the amount of exerted effort are affected by
obtained rewards, both for oneself as well as for the others. While reward magnitudes are often explicit in natu-
ralistic environments, effort demands are rarely explicit and are usually learned by trial and error in the course
of successive actions®. An important direction for future research is to determine how retrospective evaluations
regarding the internal states and the state of the environment could in turn influence prospective value- and
effort-based decisions, thus relating the effects we observed to their potential adaptive role in shaping human
choices in individual and social contexts.

Data availability
The datasets generated and analysed in the current study are available from the corresponding authors upon
request, and will be uploaded to Open Science Framework data repository (https://osf.io/).

Received: 29 August 2019; Accepted: 19 January 2020;
Published online: 05 February 2020

References

1. Tjosvold, D., Johnson, D. W. & Johnson, R. T. Effect of partner’s effort and ability on liking for partner after failure on a cooperative
task. J. Psychology: Interdiscip. Appl. 109, 147-152, https://doi.org/10.1080/00223980.1981.9915299 (1981).

2. Fehr, E. & Gachter, S. Altruistic punishment in humans. Nat. 415, 137-140, https://doi.org/10.1038/415137a (2002).

3. Fehr, E. & Gachter, S. Cooperation and Punishment in Public Goods Experiments. Am. Economic Rev. 90, 980-994 (2000).

4. Feldman, S. Economic Individualism and American Public Opinion. Am. Politics Q. 11, 3-29, https://doi.
0rg/10.1177/004478083011001001 (1983).

5. Walton, M. E., Bannerman, D. M., Alterescu, K. & Rushworth, M. E Functional specialization within medial frontal cortex of the
anterior cingulate for evaluating effort-related decisions. J. Neurosci. 23, 6475-6479 (2003).

6. Rangel, A., Camerer, C. & Montague, P. R. A framework for studying the neurobiology of value-based decision making. Nat. Rev.
Neurosci. 9, 545-556, https://doi.org/10.1038/nrn2357 (2008).

7. Skvortsova, V., Palminteri, S. & Pessiglione, M. Learning to minimize efforts versus maximizing rewards: computational principles
and neural correlates. J. Neurosci. 34, 15621-15630, https://doi.org/10.1523/jneurosci.1350-14.2014 (2014).

8. Klein-Flugge, M. C., Kennerley, S. W,, Friston, K. & Bestmann, S. Neural Signatures of Value Comparison in Human Cingulate
Cortex during Decisions Requiring an Effort-Reward Trade-off. J. Neurosci. 36, 10002-10015, https://doi.org/10.1523/
jneurosci.0292-16.2016 (2016).

9. Chong, T. T. et al. Neurocomputational mechanisms underlying subjective valuation of effort costs. PLoS Biol. 15, €1002598, https://
doi.org/10.1371/journal.pbio.1002598 (2017).

10. Lockwood, P. L. et al. Prosocial apathy for helping others when effort is required. Nat. Hum. Behav. 1, 0131, https://doi.org/10.1038/
$41562-017-0131 (2017).

11. Yeung, N. & Summerfield, C. Metacognition in human decision-making: confidence and error monitoring. Philos. Trans. R. Soc. B:
Biol. Sci. 367, 1310-1321, https://doi.org/10.1098/rstb.2011.0416 (2012).

12. Weiner, B. Attribution Theory, Achievement Motivation, and the Educational Process. Rev. Educ. Res. 42, 203-215, https://doi.
0rg/10.3102/00346543042002203 (1972).

13. Aronson, E. & Mills, J. The effect of severity of initiation on liking for a group. J. Abnorm. Soc. Psychol. 59, 177-181, https://doi.
org/10.1037/h0047195 (1959).

14. Wittig, M. A., Marks, G. & Jones, G. A. Luck versus Effort Attributions: Effect on Reward Allocations to Self and Other. Pers. Soc.
Psychol. Bull. 7,71-78, https://doi.org/10.1177/014616728171011 (1981).

15. Malle, B. E. In Theories in social psychology. 72-95 (Wiley-Blackwell, 2011).

16. Glimcher, P. Understanding the Hows and Whys of Decision-Making: From Expected Utility to Divisive Normalization. Cold Spring
Harb. Symp. Quant. Biol. 79, 169-176, https://doi.org/10.1101/sqb.2014.79.024778 (2014).

17. Tsetsos, K. et al. Economic irrationality is optimal during noisy decision making. Proc. Natl Acad. Sci. 113, 3102 (2016).

18. Devaine, M. & Daunizeau, J. Learning about and from others” prudence, impatience or laziness: The computational bases of attitude
alignment. PLOS Computational Biol. 13, 1005422, https://doi.org/10.1371/journal.pcbi.1005422 (2017).

SCIENTIFIC REPORTS |

(2020) 10:1868 | https://doi.org/10.1038/s41598-020-58686-0


https://doi.org/10.1038/s41598-020-58686-0
https://doi.org/10.1080/00223980.1981.9915299
https://doi.org/10.1038/415137a
https://doi.org/10.1177/004478083011001001
https://doi.org/10.1177/004478083011001001
https://doi.org/10.1038/nrn2357
https://doi.org/10.1523/jneurosci.1350-14.2014
https://doi.org/10.1523/jneurosci.0292-16.2016
https://doi.org/10.1523/jneurosci.0292-16.2016
https://doi.org/10.1371/journal.pbio.1002598
https://doi.org/10.1371/journal.pbio.1002598
https://doi.org/10.1038/s41562-017-0131
https://doi.org/10.1038/s41562-017-0131
https://doi.org/10.1098/rstb.2011.0416
https://doi.org/10.3102/00346543042002203
https://doi.org/10.3102/00346543042002203
https://doi.org/10.1037/h0047195
https://doi.org/10.1037/h0047195
https://doi.org/10.1177/014616728171011
https://doi.org/10.1101/sqb.2014.79.024778
https://doi.org/10.1371/journal.pcbi.1005422

www.nature.com/scientificreports/

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30

32.

33.
34,

35.

36.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

56.

Pooresmaeili, A., Wannig, A. & Dolan, R. J. Receipt of reward leads to altered estimation of effort. Proc. Natl Acad. Sci. USA 112,
13407-13410, https://doi.org/10.1073/pnas.1507527112 (2015).

Mezulis, A. H., Abramson, L. Y., Hyde, J. S. & Hankin, B. L. Is there a universal positivity bias in attributions? A meta-analytic review
of individual, developmental, and cultural differences in the self-serving attributional bias. Psychol. Bull. 130, 711-747, https://doi.
0rg/10.1037/0033-2909.130.5.711 (2004).

Zaccaro, S. J., Peterson, C. & Walker, S. Self-Serving Attributions for Individual and Group Performance. Soc. Psychol. Q. 50,
257-263, https://doi.org/10.2307/2786826 (1987).

Ernst, M. O. & Banks, M. S. Humans integrate visual and haptic information in a statistically optimal fashion. Nat. 415, 429-433,
https://doi.org/10.1038/415429a (2002).

Kording, K. P. & Wolpert, D. M. Bayesian integration in sensorimotor learning. Nat. 427, 244-247, https://doi.org/10.1038/
nature02169 (2004).

Sanborn, A. N. & Chater, N. Bayesian Brains without Probabilities. Trends Cognit. Sci. 20, 883-893, https://doi.org/10.1016/j.
tics.2016.10.003 (2016).

Feather, N. T. Protestant Ethic, conservatism, and values. J. Personality Soc. Psychol. 46, 1132-1141, https://doi.org/10.1037/0022-
3514.46.5.1132 (1984).

Cozzarelli, C., Wilkinson, A. V. & Tagler, M. J. Attitudes toward the poor and attributions for poverty. J. Soc. Issues 57, 207-227,
https://doi.org/10.1111/0022-4537.00209 (2001).

Mccoy, S. K. & Major, B. Priming meritocracy and the psychological justification of inequality. J. Exp. Soc. Psychol. 43, 341-351,
https://doi.org/10.1016/j.jesp.2006.04.009 (2007).

Jost, J. T., Federico, C. M. & Napier, J. L. Political ideology: its structure, functions, and elective affinities. Annu. Rev. Psychol. 60,
307-337, https://doi.org/10.1146/annurev.psych.60.110707.163600 (2009).

Jost, J. T., Glaser, J., Kruglanski, A. W. & Sulloway, F. ]. Political conservatism as motivated social cognition. Psychol. Bull. 129,
339-375(2003).

. Brainard, D. H. The Psychophysics Toolbox. Spat. Vis. 10, 433-436 (1997).
31.

Pratto, E, Sidanius, J., Stallworth, L. M. & Malle, B. F. Social dominance orientation: A personality variable predicting social and
political attitudes. J. Personality Soc. Psychol. 67, 741-763, https://doi.org/10.1037/0022-3514.67.4.741 (1994).

Funke, F. The Dimensionality of Right-Wing Authoritarianism: Lessons from the Dilemma between Theory and Measurement.
Political Psychol. 26, 195-218, https://doi.org/10.1111/1.1467-9221.2005.00415.x (2005).

Altemeyer, B. Right-wing authoritarianism. (University of Manitoba Press, 1981).

Cattell, R. B. The Scree Test For The Number Of Factors. Multivar. Behav. Res. 1, 245-276, https://doi.org/10.1207/
$15327906mbr0102_10 (1966).

Lippa, R. & Arad, S. Gender, personality, and prejudice: The display of authoritarianism and social dominance in interviews with
college men and women. J. Res. Personality 33, 463-493, https://doi.org/10.1006/jrpe.1999.2266 (1999).

Maes, J., Schmitt, M. & Schmal, A. Gerechtigkeit als innerdeutsches Problem: Werthaltungen, Kontrolliiberzeugungen,
Freiheitsiiberzeugungen, Drakonitit, soziale Einstellungen, Empathie und protestantische Arbeitsethik als Kovariate. (Univ.,
Fachbereich I, Psychologie, 1995).

. Burnham, K. & Anderson, D. Model selection and multimodel inference: a practical information-theoretic approach (Springer, 2002).
. Lewandowsky, S. & Farrell, S. Computational Modeling in Cognition: Principles and Practice. (SAGE, 2010).
. Ortoleva, P. & Snowberg, E. Overconfidence in Political Behavior. Am. Economic Rev. 105, 504-535 (2015).
. Sidanius, J., Pratto, F. & Rabinowitz, J. L. Gender, Ethnic Status, and Ideological Asymmetry:A Social Dominance Interpretation. J.

Cross-Cultural Psychol. 25, 194-216, https://doi.org/10.1177/0022022194252003 (1994).

. Saucier, G. Isms and the structure of social attitudes. J. Pers. Soc. Psychol. 78, 366-385 (2000).
. Weiner, M. J. Emotionality and attribution: an instance of the control of the response to private events by external stimuli. J. Gen.

Psychol. 86, 207-216 (1972).

Pronin, E., Berger, J. & Molouki, S. Alone in a crowd of sheep: asymmetric perceptions of conformity and their roots in an
introspection illusion. J. Pers. Soc. Psychol. 92, 585-595, https://doi.org/10.1037/0022-3514.92.4.585 (2007).

Pronin, E. Perception and misperception of bias in human judgment. Trends Cogn. Sci. 11, 37-43, https://doi.org/10.1016/].
tics.2006.11.001 (2007).

Pronin, E., Gilovich, T. & Ross, L. Objectivity in the eye of the beholder: divergent perceptions of bias in self versus others. Psychol.
Rev. 111, 781-799, https://doi.org/10.1037/0033-295x.111.3.781 (2004).

De Martino, B., Bobadilla-Suarez, S., Nouguchi, T., Sharot, T. & Love, B. C. Social Information Is Integrated into Value and
Confidence Judgments According to Its Reliability. J. Neurosci. 37, 6066-6074, https://doi.org/10.1523/jneurosci.3880-16.2017
(2017).

Vickery, T. J., Chun, M. M. & Lee, D. Ubiquity and specificity of reinforcement signals throughout the human brain. Neuron 72,
166-177, https://doi.org/10.1016/j.neuron.2011.08.011 (2011).

Scholl, J. et al. The Good, the Bad, and the Irrelevant: Neural Mechanisms of Learning Real and Hypothetical Rewards and Effort. J.
Neurosci. 35,11233-11251, https://doi.org/10.1523/jneurosci.0396-15.2015 (2015).

Fleming, S. M., Dolan, R. J. & Frith, C. D. Metacognition: computation, biology and function. Philos. Trans. R. Soc. Lond. B Biol. Sci.
367, 1280-1286, https://doi.org/10.1098/rstb.2012.0021 (2012).

Rollwage, M., Dolan, R. J. & Fleming, S. M. Metacognitive Failure as a Feature of Those Holding Radical Beliefs. Curr. biology: CB
28, 4014-4021 e4018, https://doi.org/10.1016/j.cub.2018.10.053 (2018).

Hackel, L. M. & Amodio, D. M. Computational neuroscience approaches to social cognition. Curr. Opin. Psychol. 24, 92-97, https://
doi.org/10.1016/j.copsyc.2018.09.001 (2018).

Rollwage, M., Zmigrod, L., de-Wit, L., Dolan, R. J. & Fleming, S. M. What Underlies Political Polarization? A Manifesto for
Computational Political Psychology. Trends Cognit. Sci. 23, 820-822, https://doi.org/10.1016/j.tics.2019.07.006 (2019).

Madeira, A. E, Costa-Lopes, R., Dovidio, J. E, Freitas, G. & Mascarenhas, M. F. Primes and Consequences: A Systematic Review of
Meritocracy in Intergroup Relations. Front. Psychol. 10, 2007, https://doi.org/10.3389/fpsyg.2019.02007 (2019).

Jost, J. T., Nam, H. H., Amodio, D. M. & Bavel, J. J. V. Political Neuroscience: The Beginning of a Beautiful Friendship. Political
Psychol. 35, 3-42, https://doi.org/10.1111/pops.12162 (2014).

Cao, J., Kleiman-Weiner, M. & Banaji, M. R. Statistically inaccurate and morally unfair judgements via base rate intrusion. Nat.
Hum. Behav. 1,738, https://doi.org/10.1038/s41562-017-0218-y (2017).

Hauser, T. U,, Eldar, E. & Dolan, R. J. Separate mesocortical and mesolimbic pathways encode effort and reward learning signals.
Proc. Natl Acad. Sci. USA 114, E7395-E7404, https://doi.org/10.1073/pnas.1705643114 (2017).

Acknowledgements

We thank Aurel Wannig and Thomas Schultze-Gerlach for their valuable comments on the manuscript. This work
was supported by a seed fund grant from Leibniz ScienceCampus Primate Cognition, Gottingen, Germany to IK
and AP. AP was supported by an ERC Starting Grant (716846, Rewarded Perception). The Wellcome Centre for
Human Neuroimaging is supported by core funding from the Wellcome Trust (203147/Z/16/Z).

SCIENTIFIC REPORTS |

(2020) 10:1868 | https://doi.org/10.1038/s41598-020-58686-0


https://doi.org/10.1038/s41598-020-58686-0
https://doi.org/10.1073/pnas.1507527112
https://doi.org/10.1037/0033-2909.130.5.711
https://doi.org/10.1037/0033-2909.130.5.711
https://doi.org/10.2307/2786826
https://doi.org/10.1038/415429a
https://doi.org/10.1038/nature02169
https://doi.org/10.1038/nature02169
https://doi.org/10.1016/j.tics.2016.10.003
https://doi.org/10.1016/j.tics.2016.10.003
https://doi.org/10.1037/0022-3514.46.5.1132
https://doi.org/10.1037/0022-3514.46.5.1132
https://doi.org/10.1111/0022-4537.00209
https://doi.org/10.1016/j.jesp.2006.04.009
https://doi.org/10.1146/annurev.psych.60.110707.163600
https://doi.org/10.1037/0022-3514.67.4.741
https://doi.org/10.1111/j.1467-9221.2005.00415.x
https://doi.org/10.1207/s15327906mbr0102_10
https://doi.org/10.1207/s15327906mbr0102_10
https://doi.org/10.1006/jrpe.1999.2266
https://doi.org/10.1177/0022022194252003
https://doi.org/10.1037/0022-3514.92.4.585
https://doi.org/10.1016/j.tics.2006.11.001
https://doi.org/10.1016/j.tics.2006.11.001
https://doi.org/10.1037/0033-295x.111.3.781
https://doi.org/10.1523/jneurosci.3880-16.2017
https://doi.org/10.1016/j.neuron.2011.08.011
https://doi.org/10.1523/jneurosci.0396-15.2015
https://doi.org/10.1098/rstb.2012.0021
https://doi.org/10.1016/j.cub.2018.10.053
https://doi.org/10.1016/j.copsyc.2018.09.001
https://doi.org/10.1016/j.copsyc.2018.09.001
https://doi.org/10.1016/j.tics.2019.07.006
https://doi.org/10.3389/fpsyg.2019.02007
https://doi.org/10.1111/pops.12162
https://doi.org/10.1038/s41562-017-0218-y
https://doi.org/10.1073/pnas.1705643114

www.nature.com/scientificreports/

Author contributions

M.R., LK. and A.P. conceptualized and designed the task. M.R. and U.T. chose and devised the online
questionnaires. M.R. and EP. conducted the experiments. M.R. and C.S. analysed the data. M.R., LK. and A.P.
wrote the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-58686-0.

Correspondence and requests for materials should be addressed to M.R. or A.P.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFICREPORTS|  (2020) 10:1868 | https://doi.org/10.1038/s41598-020-58686-0


https://doi.org/10.1038/s41598-020-58686-0
https://doi.org/10.1038/s41598-020-58686-0
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Judgments of effort exerted by others are influenced by received rewards

	Methods

	Participants. 
	Experimental design. 
	Stimuli and task. 
	Questionnaires. 
	Statistical analysis. 

	Results

	Reward magnitude influences effort estimations for self- and other-judgments. 
	Computational modelling reveals that reward information and perceived level of exertion are combined in a Bayes optimal man ...
	The extent of reward incorporation into effort judgments is linked to conservative world-views. 

	Discussion

	Acknowledgements

	Figure 1 Experimental setup and task.
	Figure 2 Influence of reward on effort judgments for self and others.
	Figure 3 Multiple information sources are integrated to form a final effort rating.
	Figure 4 Performance-related and reward-related effort estimates for self-and other-judgments, used in computational models.
	Figure 5 Conservative world-views (factor scores) are positively correlated with the amount of reward integration into effort estimation.
	Table 1 Results of model comparison.




