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Abstract

To invest effort into any cognitive task, people must be sufficiently motivated. Whereas prior
research has focused primarily on how the cognitive control required to complete these
tasks is motivated by the potential rewards for success, it is also known that control invest-
ment can be equally motivated by the potential negative consequence for failure. Previous
theoretical and experimental work has yet to examine how positive and negative incentives
differentially influence the manner and intensity with which people allocate control. Here, we
develop and test a normative model of control allocation under conditions of varying positive
and negative performance incentives. Our model predicts, and our empirical findings con-
firm, that rewards for success and punishment for failure should differentially influence
adjustments to the evidence accumulation rate versus response threshold, respectively.
This dissociation further enabled us to infer how motivated a given person was by the conse-
quences of success versus failure.

Author summary

From the school to the workplace, whether someone achieves their goals is determined
largely by the mental effort they invest in their tasks. Recent work has demonstrated
both why and how people adjust the amount of effort they invest in response to vari-
ability in the rewards expected for achieving that goal. However, in the real world, we
are motivated both by the positive outcomes our efforts can achieve (e.g., praise) and
the negative outcomes they can avoid (e.g., rejection), and these two types of incentives
can motivate adjustments not only in the amount of effort we invest but also the types
of effort we invest (e.g., whether to prioritize performing the task efficiently or cau-
tiously). Using a combination of computational modeling and a novel task that mea-
sures voluntary effort allocation under varying incentive conditions, we show that
people should and do engage dissociable forms of mental effort in response to positive
versus negative incentives. With increasing rewards for achieving their goal, they pri-
oritize efficient performance, whereas with increasing penalties for failure they priori-
tize cautious performance. We further show that these dissociable strategies enable us
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to infer how motivated a given person was based on the positive consequences of suc-
cess relative to the negative consequences of failure.

Introduction

People must regularly decide how much mental effort to invest in a task, and for how long.
When doing so, they weigh the costs of exerting this effort against the potential benefits that
would accrue as a result [1,2]. These benefits include not only achieving the positive conse-
quences of success (e.g., money or praise) but also avoiding the negative consequences of fail-
ure (e.g., criticism or rejection). Prior work suggests that people likely vary in the extent they
are motivated by the prospect of achieving a positive outcome versus avoiding a negative out-
come [3,4]. For example, some students study diligently to earn praise from their parents
while others do so to avoid embarrassment. The overall salience of these incentives will deter-
mine when and how a given person decides to invest mental effort (i.e., engage relevant cogni-
tive control processes [5], and when they choose to disengage from effortful tasks [6,7]).
However, while a great deal is known about how people adjust cognitive control in response to
varying levels of potential reward [5,8,9], much less is known about how they adjust to varying
levels of potential punishment, nor the types of control allocation strategies that are most adap-
tive under these two incentive conditions.

Previous research has examined how control allocation varies as a function of the reward
for performing well on a task, such that participants generally perform better when offered a
greater reward [10-14]. For instance, when earning rewards during a cognitive control task
(e.g., Stroop) is contingent on both speed and accuracy, participants are faster and/or more
accurate as potential rewards increase [11,15-17]. While studies have also examined how cog-
nitive control is influenced by the motivation to avoid negative outcomes [18-22], they have
uncovered a mixed pattern of behavioral findings, suggesting that participants deploy a variety
of behavioral strategies as potential punishments increase [22,23]. Past work has demonstrated
that these strategies, such as increased task processing (e.g., attentional focus) or adjusting
decision thresholds, can be linked to different forms of control adjustment (e.g., prioritizing
speed versus accuracy; [24-27]). However, it remains unknown whether participants selec-
tively deploy different forms of control adjustments when incentivized under distinct incentive
regimes (i.e., to avoid poor performance versus achieve good performance).

Recent theoretical work helps to frame predictions regarding when and how people might
vary their control allocation in response to different forms of incentives [1]. For instance, nor-
mative accounts of physical effort allocation have proposed that animals and humans vary the
intensity of their effort (e.g., motor vigor) to maximize their net reward per unit time (reward
rate [28-31]). We have recently extended this framework to describe how people determine
the appropriate allocation of cognitive control in a given situation. Specifically, we have sug-
gested that people select the amount and type(s) of cognitive control that maximize the overall
rate of expected rewards, while minimizing expected effort costs. The difference between these
two quantities, referred to as the Expected Value of Control (EVC), indexes the extent to
which the benefits of control outweigh its costs [1,2,32] (see also [33]).

The EVC model has been successful at accounting for how people vary the intensity of a
particular type of control (e.g., attention to a target stimulus/feature) to achieve greater
rewards [34,35]. However, limitations in existing data have prevented EVC from addressing
how the type of control being allocated should depend on the type of incentive being varied.
One limitation, noted above, is the dearth of research on how people adjust control to positive
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versus negative incentives. A second potential limitation is that most existing studies examine
how performance varies over a fixed set of trials (e.g., 200 total trials completed over the course of
an experiment). Under such conditions, the maximal expected reward is determined by the num-
ber of trials in the task, which could limit the underlying drive to maximize reward rate. A stron-
ger test of reward rate maximization, and one that is arguably more analogous to real-world
effort allocation, would allow participants to perform as much or as little of the task as they like
over a fixed duration [36], to tighten the link between reward rate and overall expected reward.

In the current study, we developed a novel paradigm in which participants perform conse-
cutive trials of a control-demanding task (the Stroop task) over a fixed time interval. We exam-
ined how the amount and type(s) of control allocated to this task varied under different
incentive types (reward vs. punishment) and different magnitudes of those incentives (small
vs. large). Across two experiments, participants demonstrated distinct patterns of task perfor-
mance in the two incentive conditions: faster responses for increasing rewards, slower but
more accurate responses for increasing punishment. We show that these patterns are consis-
tent with normative predictions of a control allocation model that maximizes reward rate
while minimizing effort costs. The model predicts that rewards versus punishments favor
divergent control strategies: higher reward promotes faster information processing to maxi-
mize (correct) response rate, whereas higher punishment promotes greater caution to mini-
mize potential errors. Within the framework of a drift diffusion model (DDM), our normative
model predicts that participants will respond to increases in reward by both increasing their
evidence accumulation rate (drift rate) and lowering their response threshold, whereas they
will respond to increases in punishment by primarily increasing their threshold. Model fits to
behavioral data across both studies confirmed these predictions.

Our model’s ability to make divergent predictions about the influence of incentives on the
joint allocation of two forms of control (i.e., across drift rate and threshold) enabled us to
make further inferences based on each participant’s unique behavioral profile. Specifically, by
estimating how these DDM parameters varied together across conditions, we were able to
infer how sensitive that participant might have been to reward and punishment to generate the
pattern of behavior that they did. Collectively, this work demonstrates a compelling novel
method for inferring variability in how people evaluate costs and benefits when deciding when
and how much to allocate cognitive control.

Results

Participants (N = 32) performed a task in which they were given fixed time intervals (between
8 and 12 seconds long) to perform as many trials as they wanted of a cognitively demanding
task (Stroop task; Fig 1). They received monetary reward for each correct response within a
given interval, and incurred a monetary loss (penalty) for each incorrect response. The magni-
tude of reward and penalty ($0.01 or $0.10) were varied across intervals, and were cued prior
to the start of each interval.

Behavioral performance

We found that when participants were expecting a larger reward for each correct response,
they completed more trials correctly in a given interval compared to when they were expecting
smaller rewards (F; 31y = 28.72, p<0.001; Fig 2A, Table 1). Variability in punishment magni-
tude appeared to have the opposite influence on behavior. When participants were expecting a
larger punishment for each incorrect response, they completed fewer correct trials in a given
interval than when they were expecting smaller punishments (F(; 3;) = 23.11, p<0.001; Fig 2B).
We also observed a trending interaction between reward and punishment (F(; 29y = 3.77,
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Fig 1. Interval-Based Incentivized Cognitive Control Task. At the start of each interval, a visual cue indicates the
amount of reward (monetary gain) for correct responses and the penalty amount (monetary loss) for incorrect
responses within that interval. Participants can complete as many Stroop trials as they want within that interval. The
cumulative reward over a given interval is tracked at the bottom of the screen. Correct responses increase this value,
while incorrect responses decrease this value. At the end of each interval, participants are told how much they earned.
The upper right inset shows the cues across the four conditions.

https://doi.org/10.1371/journal.pcbi.1009737.9001
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Fig 2. Effects of reward and punishment on overall task performance (Study 1). (A) With increasing expected reward, participants
completed more correct responses per second within a given interval (left), which reflect faster responding on correct trials (top right)
without any change in overall accuracy (bottom right). (B) With increasing expected punishment, participants instead completed fewer
trials per second over an interval, reflecting slower and more accurate responses. Error bars reflect 95% CI. n.s.: p>0.05; ***: p<0.001.

https://doi.org/10.1371/journal.pchi.1009737.g002
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Table 1. Mixed Model Results for Correct Responses per Second (Study 1).

Correct Responses Per Second
Predictors Estimates S.E. P-Value
Age -0.036 0.031 0.238
Female—Male 0.075 0.032 0.020*
High Penalty—Low Penalty -0.026 0.005 <0.001***
High Reward—Low Reward 0.038 0.007 <0.001"**
Average Congruence -0.015 0.005 0.001"*
Reward X Penalty 0.009 0.005 0.052
Number of Subjects 32
Observations 2469
Marginal R* / Conditional R* 0.093/0.551

*: p<0.05; **: p<0.01; ***: p<0.001

https://doi.org/10.1371/journal.pcbi.1009737 1001

p = 0.062) whereby the reward-related improvements in interval-level performance were
enhanced in high-punishment compared to low-punishment intervals.

When separately examining how incentives influenced speed and accuracy, we found an
intriguing dissociation that helped account for the inverse effects of reward and punishment
on the number of correct responses per second. We found that larger potential rewards
induced responses that were faster (F(; »5) = 31.83, p<0.001) but not more or less accurate
(Chisqq) = 0.26, p = 0.612; Fig 2A and Table 2). By contrast, larger potential punishment
induced responses that were slower (F; 30y = 35.28, p<0.001) but also more accurate (Chisq)
=26.73, p<0.001; Fig 2B). These results control for trial-to-trial differences in congruence,
which, as expected, revealed faster (F(; 31y = 115.28, p<0.001) and more accurate (Chisqq) =
4.13, p = 0.042) responses for congruent stimuli compared to incongruent stimuli. Although

Table 2. Mixed Model Results for Log-Transformed Reaction Time and Accuracy (Study 1).

Log-transformed RT Accuracy
Predictors Estimates S.E. P-Value Odds Ratios S.E. P-Value
Age 0.014 0.007 0.066 0.941 0.117 0.623
Female—Male -0.023 0.007 0.002"* 1.234 0.155 0.095
High Penalty—Low Penalty 0.014 0.002 <0.001*** 1.381 0.082 <0.001"**
High Reward—Low Reward -0.012 0.002 <0.001"** 1.028 0.039 0.464
Trial Congruence (Cong-Incong) -0.020 0.002 <0.001*** 1.105 0.050 0.028*
Reward X Penalty -0.003 0.001 0.015* 1.014 0.042 0.729
Penalty X Congruence 0.001 0.001 0.353 1.043 0.038 0.256
Reward X Congruence -0.001 0.001 0.432 1.044 0.039 0.249
Reward X Penalty X Congruence 0.000 0.001 0.543 1.097 0.041 0.012*
Number of Subjects 32 32
Observations 27509 28785
Marginal R* / Conditional R” 0.056 / 0.255 0.055 / 0.150

1 p<0.05; **: p<0.01; ***: p<0.001

https://doi.org/10.1371/journal.pcbi.1009737.t1002
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there were no significant two-way interactions between incentives and congruency on perfor-
mance, we observed a significant three-way interaction between reward, penalty, and congru-
ence (Chisq() = 6.24, p = 0.013) specific to accuracy. Together, these data suggest that
participants applied distinct strategies for engaging cognitive control across reward and pun-
ishment incentives.

Reward-rate-optimal control allocation: Normative predictions

To generate predictions about performance on the Stroop task, we parameterized the task as a
process of noisy evidence accumulating towards one of two boundaries (correct vs. error),
using the drift diffusion model (DDM) [34,37]. In this model, two of the DDM parameters that
determine performance on a given trial are the rate of evidence accumulation (drift rate, v)
and the decision threshold (a). As the drift rate increases, the likelihood of a correct response
increases (error rate decreases), and responses are faster. As the threshold increases, responses
are also more likely to be correct but are slower (Fig 3A; [31]). As we describe below, a key pre-
diction is that adjustments in these parameters may underlie divergent strategies for cognitive
control allocation.

Previous theoretical and empirical work has shown that participants can adjust parameters
of this underlying decision process to maximize the rate at which they are rewarded over the
course of an experiment [31,38]. This reward rate (RR) is determined by a combination of
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Fig 3. The influence of DDM parameter settings on estimates of reward rate. (A) The expected error rate (ER) and decision time (DT) can be estimated as a
function of drift rate and threshold. (B-C) Reward rate is traditionally defined as a function of expected error rate, scaled by the value of correct vs. incorrect
responses, and the overall response time (the combination of decision time and decision-unrelated processes [31]). The combination of drift rate and threshold
settings that maximizes reward rate (black dots) differs depending on whether drift rate is assumed to incur an effort cost or not. (B) Without a cost, it is always
optimal to maximize drift rate. (C) With a cost, drift rate and threshold must both fall within a more constrained set of parameter values. Reward rate isolines
in (B-C) are defined at Subjective Reward = 5, Subjective Penalty = 5, non-decision time = 400ms. (D) As the subjective reward for each correct response
increases (plotted from 8 to 20 a.u.), the optimal joint configuration of drift rate and threshold (black dot) moves primarily in the direction of increasing drift
rate. As the subjective penalty for an incorrect response increases (plotted from 5 to 625 a.u.), this optimal configuration moves in the direction of increasing
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https://doi.org/10.1371/journal.pchi.1009737.g003
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performance metrics (response time and error rate [ER], [31]) and the incentives for perfor-
mance (i.e., outcomes for correct vs. incorrect responses):

Rx (1—ER)—Px ER

RR =
DT + NDT

Here, the numerator (expected reward) is determined by the likelihood of a correct
response (1-ER), scaled by the subjective reward for a correct response (R), relative to the like-
lihood of an error (ER), scaled by the associated subjective punishment (P) [39]. The denomi-
nator (response time) is determined by the time it takes to accumulate evidence for a decision
(decision time [DT]) as well as additional time to process stimuli and execute a motor response
(non-decision time [NDT]).

To correctly respond to a Stroop trial (i.e., name stimulus color), participants need to
recruit cognitive control to overcome the automatic tendency to read the word [40,41]. Build-
ing on past work [31,38,39], we can use the reward rate formulation above to identify how par-
ticipants should normatively allocate control to maximize reward rate (Fig 3B and 3C). To do
so, we make three key assumptions. First, we assume that participants performing our task
choose between adjusting two strategies for increasing their reward rate: (1) increasing atten-
tional focus on the Stroop stimuli (resulting in increased drift rate toward the correct
response), and (2) adjusting their threshold to require more or less evidence accumulation
before responding. Second, we assume that participants seek to identify the combination of
these two DDM parameters that maximize reward rate. Third, we assume that increasing the
drift rate incurs a nonlinear cost, which participants seek to minimize. The inclusion of this
cost term is motivated by previous psychological and neuroscientific research [1] and by its
sheer necessity for constraining the model from seeking implausibly high values of drift rate
(i.e., as this cost approaches zero, the reward-rate-maximizing drift rate approaches infinity, as
shown in Fig 3B). While a quadratic cost term was chosen a priori based on previous work
[33,42], follow-up analyses (see Part 2 in S1 Supporting Information) indicated that the predic-
tions made by this quadratic function are also more consistent with our data than those for a
linear (i.e., absolute) function.

_ Rx(1—ER)—PxER

E 2
DT + NDT xv

RR

In this formula, E represents the weight on effort cost. Since the optimal drift rate and
threshold are determined by the ratios R/E and P/E, the magnitude of effort costs is held con-
stant (E = 1) for the reward rate optimization process, putting reward and punishment into
units of effort cost. With this modified reward rate formulation, the optimal drift rate is well-
constrained (Fig 3C).

Using this formulation of reward rate (RR), we can generate predictions about the alloca-
tion of cognitive control (combination of drift rate and threshold) that would be optimal
under different reward and punishment conditions. To do so, we varied reward and punish-
ment values and, for each pair, identified the pair of drift rate and threshold that would maxi-
mize reward rate. As reward increases, the model suggests that the optimal strategy is to
increase the drift rate. As punishment increases, the optimal strategy is to increase the thresh-
old (Fig 4A). These findings indicate that the weights for rewards and punishments jointly
modulate the optimal strategy for allocating cognitive control and that these two types of
incentives focus on distinct aspects of the strategy. Specifically, they predict that people will
tend to increase drift rate the more they value receiving a reward for a correct response. In
contrast, people will adjust their threshold depending on how much they value receiving a

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 7/21


https://doi.org/10.1371/journal.pcbi.1009737

PLOS COMPUTATIONAL BIOLOGY Motivation and cognitive control adaptation

A  Optimal Drift Rate and Threshold C Estimated Drift Rate and Threshold
v - r 1.4 r
Higher Higher |EEReward N | Il Reward
Penalty.g-> ©\Reward |EPenalty V Reward mmPenalty
1l S | A Penalt Reward
k=) \ ° A Penalty
2 2
N n1.2
e e
£ £
o5} V Reward
V Penalty A Reward
, ¥ Penalty
1 2 3 123 26 2.9
Drift Rate Drift Rate
D Influence of reward and penalty on
drift rate and threshold (Predicted)
B Model Comparison
C: Congruency, R: Reward, P: Penalty [ Threshold
C EREIME 1200 5 rift Rate
o B
ko) = —
5 RiC 900 & 5 |_|
L ? f=d
) s o
.‘_é’ 600 °,
£ P+C o
300 §c'> Reward Penalty
R+P+C Best = E Influence of reward and penalty on
drift rate and threshold (Estimated)
C R+C P+C R+P+C 04
Drift Rate )
03 *kk
m Kkk
02
E
i‘;" 0.1
I.IJ *k
0.0

Reward Penalty

Fig 4. Normative and empirically observed estimates of incentive effects on DDM parameters. (A) Combinations
of drift rate and threshold that optimize (cost-discounted) reward rate, under different values of reward and penalty.
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rate optimization (D, cf. panel A), we found that larger expected rewards led to increased drift rate, whereas larger
expected penalties led to increased threshold (E, cf. panel C). To a lesser extent, we found a decreased threshold with
higher expected rewards. Error bars reflect 95% CI. *: p<0.05; ***: p<0.001. See also Part 4 in SI Supporting
Information for posterior predictive check for DDM.

https://doi.org/10.1371/journal.pcbi.1009737.9004

reward for a correct response (decrease threshold) and receiving a punishment for an incorrect
response (increase threshold).

Reward-rate-optimal control allocation: Empirical evidence

To test whether task performance was consistent with the predictions from our normative
model, we fit behavioral performance on our task (reaction time and accuracy) with the Hier-
archical Drift Diffusion Model (HDDM) package [43]. A systematic model comparison
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showed that the best-fitting parameterization of this model for our task allowed both drift rate
and threshold to vary with trial-to-trial differences in congruency, reward level, and/or penalty
level (Fig 4B; also see Part 3 in S1 Supporting Information). Critically, the parameter estimates
from this model were consistent with predictions of our reward-rate-optimal DDM (Fig 4C,
4D and 4E). Consistent with normative predictions, we found that reward and punishment
exhibited dissociable influences on DDM parameters, such that larger rewards increased drift
rate and decreased threshold, whereas larger punishment promoted a higher threshold. These
findings control for the effect of congruency on DDM parameters (with incongruent trials
being associated with lower drift rate and higher threshold). Taken together, our empirical
findings are consistent with the prediction that participants are optimizing reward rate,
accounting for potential rewards, potential punishments, and effort costs.

Inferring individual differences in sensitivity to reward and punishment

Our findings show that performance varies as a function of expected reward and punishment,
and that these performance changes are consistent with a normative model according to which
participants are maximizing reward and minimizing effort costs. However, both our model pre-
dictions and empirical findings also show that performance alone is insufficient to determine to
what extent a participant was driven by a given incentive. For instance, faster performance could
result from a participant being more sensitive to rewards, less sensitive to penalties, or both. The
same is even true for estimates of individual model parameters within each of these conditions—
our model predicts that a more reward-sensitive participant will lower their threshold more than
a less reward-sensitive participant, but that the same would be true for participants less vs. more
sensitive to penalties. However, a key feature of our normative model is that it predicts how peo-
ple will jointly configure control over drift rate and threshold based on their expected reward
rate in a given condition, and predicts unique combinations of these DDM parameters under a
given level of expected reward and penalty (Fig 4A). As a result, we can examine how partici-
pants move across this two-dimensional space as their rewards and penalties vary (Fig 5A), in
order to make more robust inferences about the extent to which their performance was driven
by each of these incentives. In other words, we can “reverse-engineer” how sensitive that partici-
pant had been to the rewards and penalties associated with performance on our task.

To accomplish this, we used inverse reward rate optimization to infer the individualized
subjective weights of reward and punishment across the four task conditions based on partici-
pants’ estimated DDM parameters. For each task condition, we first estimated the drift rate (v)
and threshold (a) for each individual. We then calculated the partial derivatives of reward rate
(RR) with respect to these condition-specific estimates of v and a. By setting these derivatives
to 0 (i.e., optimizing the reward-rate equation), we can calculate the sensitivity to reward and
punishment (R and P) that make the estimated DDM parameters the optimal strategy (Fig
5C). This workflow can be summarized as follows:

ORR(7,a,R,P) 0
DDM — (v,4) — Aa‘f — (R, P)
ORR(V,a,R,P) 0
oa -

To validate this approach, we simulated DDM parameters under different combinations of
reward and penalty sensitivities (R and P), and tested whether we could recover the ground-
truth parameters based on simulated data. We were able to successfully recover both of these
parameters (see Part 5 in S1 Supporting Information; correlation between simulated and
recovered values: r = 0.99 for R, and r = 0.93 for P), confirming that our estimation approach
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Fig 5. Inference of reward and penalty sensitivity based on DDM estimates and reward rate optimization model. (A) Estimated group-level reward-rate-
optimal combinations of drift rate and threshold for the four conditions in the experiment (reproduced from Fig 4C). (B) To infer the sensitivity to reward and
penalty for a given individual, we invert this reward rate optimization procedure, estimating the set of reward and penalty weights (R and P) that best accounts
for that person’s pattern of behavior in a given condition. (C-D) The resulting estimates of sensitivity to reward and penalty recapitulate our experimental
manipulation, with higher sensitivity to reward in the high vs. low reward condition, and higher sensitivity to penalty for the high vs. low penalty condition. (C)
Summary statistics across individual participants. (D) Summary of individual-level contrasts between sensitivity to high vs. low reward and penalty. Error bars
reflect s.e.m. **: p<0.01; ***: p<0.001. Parameter recovery validates subjective weight estimates (see Part 5 in S1 Supporting Information).

https://doi.org/10.1371/journal.pcbi.1009737.9005

can be effective at inferring individual’s subjective valuation of reward and punishment when
determining cognitive control adjustments.

A repeated-measures ANOVA on our estimates of R and P (log-transformed) revealed a
main effect of incentive magnitude (F(; 551y = 12.64, p = 4.5e-4), with larger Ron high-reward
intervals (t31) = 4.9, p = 3.2e-5) and larger Pon high-punishment intervals (¢31) = 4.72,

p = 4.8e-5). We also observed a main effect of valence, such that estimates of P were higher
than estimates of R (F1,251) = 603.70, p<2e-16). The ANOVA also revealed a significant inter-
action between valence and magnitude (F(; 551y = 7.47, p = 0.007; see Fig 5D), such that D esti-
mates differed more across punishment levels than R estimates differed across reward levels.

These asymmetric effects of rewards and punishment on reward rate are consistent with
research on loss aversion [44] and error aversion [45].

Replication and extension of Study 1 findings in an independent sample

To verify the robustness of our observed dissociation between reward effects on drift rate and
penalty effects on threshold, we recruited a separate group of participants (N = 65) to perform
our task. To further investigate whether these effects generalize beyond two levels of reward and
penalty, we also included an intermediate level of reward and penalty between the two extremes
previously tested. We varied magnitude of reward and punishment in each interval among three
possible levels: 1 cent (Low), 5 cents (Medium) and 10 cents (High). As in Study 1, the level of
reward and punishment for an upcoming interval were cued prior to the start of that interval.

This second study replicated the dissociable behavioral patterns observed in Study 1. Con-
sistent with the previous study, we found that participants were faster (F 64 = 13.91,
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p<0.001) but similarly accurate (Chisq,) = 2.23, p = 0.317) with higher levels of reward, result-
ing in an overall higher number of correct responses per second as expected reward increased
(F2,70) = 12.28, p<0.001; Fig 6A). Also consistent with Study 1, participants were slower
(F2,63) = 8.49, p<0.001) but more accurate (Chisq,) = 15.21, p<0.001) with higher levels of
punishment, resulting in fewer correct responses per second (F, 64y = 4.30, p = 0.018; Fig 6B).
Response rates under Medium levels of reward and penalty were intermediate to response
rates under Low and High levels of those respective variables. See Part 6 in S1 Supporting
Information for the details of the fitted mixed models.

When fitting Study 2 data with our best-fitting model from Study 1, we replicated the nor-
matively predicted dissociation observed in that study. Reward exerted a significant positive
influence on drift rate (p<0.001) and negative influence on threshold (p = 0.013). Penalty
exerted a significant positive influence on threshold (p = 0.008) but not drift rate (p = 0.47).
These findings are consistent with the predictions from the reward rate optimization model.

A

o
©

*
H
Reaction Tlme(s&
(Correct Responses Only)

°
[
I}
(%]
Q
%]
S
o
o 0.8
§ Low Medium High
g Reward
=3
a 0.98
& &
> > 15 [ ]hreshold [IlDrift Rate
] © |
=4 - & o
8 § | i\* 0.4- High - Low
<
1.04 0.31
T T T *kk
Low  Medium High Low Medium High o)
Reward Reward © 0.2
£
B = “(7)‘ ] *kk
z 4 0.1
20 09
-0 *
[T 0.0
k] g @ *kk
S 111 Ee
g 5 2 =0.1 . -
3 * B Reward  Penalty
S (“"‘
O O
o &’ 2 osH
§ § Low Medium High
s Penalty
-
a 0.98 1
@
*%k
3 o)
o ©
£ s
8 g
<
L . i 0.951
Low  Medium High Low Medium High
Penalty Penalty

Fig 6. Effects of reward and punishment on overall task performance (A, B) and parameters of drift diffusion
model (C) in Study 2. (A) With increasing expected reward, participants completed more correct responses per
second within a given interval (Left), which reflect faster responding on correct trials (top right) without any change in
overall accuracy (bottom right). (B) With increasing expected punishment, participants instead completed fewer trials
per second over an interval, reflecting slower and more accurate responses. (C) Drift rate increases with higher
expected reward while threshold increases with higher expected punishment. Error bars reflect 95% CI. n.s.: p>0.05; *:
p<0.05; **: p<0.01; ***: p<0.001.

https://doi.org/10.1371/journal.pcbi.1009737.g006
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Interaction between incentives and trial congruence

We performed a set of exploratory analyses to investigate whether the influence of reward and
penalty on task performance depended on trial congruence. In Study 1, we found that the
main effects of reward and penalty on behavioral performance did not significantly differ
between congruent and incongruent trials (ps>0.20; Fig 7A and Table 2). Similarly, for Study
2 we did not find significant interactions between reward and trial congruence (response time:
F2246) = 1.32, p = 0.27; accuracy: Chisq(y) = 5.83, p = 0.054; Fig 7B) or between penalty and
trial congruence (reaction Time: F; 63) = 1.54, p = 0.22; accuracy: Chisq(, = 5.03, p = 0.081; Fig
7B). Interestingly, follow-up analyses using the DDM uncovered a significant interaction
between penalty level and congruence on drift rate in both studies, such that higher penalties
increased drift rate on incongruent trials and decreased drift rate on congruent trials (see Part
1 in S1 Supporting Information). While intriguing, given that this particular interaction was
not predicted a priori and was not reliably observed within RTs or accuracy in isolation, this
finding should be interpreted with caution.

Discussion

We investigated divergent influences of reward versus punishment on cognitive control alloca-
tion, and the normative basis for these incentive-related control adjustments. Participants
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Fig 7. Effects of reward and penalty in congruent and incongruent trials. (A) Participants were faster and more accurate when responding to congruent
stimuli compared to incongruent stimuli. The effects of reward and penalty on response time and accuracy are consistent across congruent and incongruent
trials in Study 1. (B) Study 2 replicated these parallel influences of reward and penalty on congruent and incongruent trials, with only a marginal interaction
between incentives and trial congruence observed for accuracy.

https://doi.org/10.1371/journal.pchi.1009737.g007
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performed a self-paced cognitive control task that offered the promise of monetary rewards for
correct responses and monetary losses for errors. We found that higher potential rewards led
to faster but equally accurate responding (resulting in increased monetary earnings), whereas
higher potential punishment led to more accurate but slower responding (thus earning less
reward but avoiding punishment). We showed that these dissociable patterns of incentive-
related performance could be accounted for by two distinct strategies (adjustment of the
strength of attention vs. response threshold), which are differentially optimal (i.e., reward rate
maximizing) in response to these two types of incentives.

Our findings build on past research on reward rate maximization that has shown that peo-
ple flexibly recruit cognitive control to maximize their subjective reward per unit time
[30,31,35]. Our current experiments build on this research in several important ways. First, we
apply this reward rate optimization model to performance in a self-paced variant of a cognitive
control task. Second, we model and experimentally manipulate the incentive value for a correct
versus incorrect response. Third, we incorporate the well-known cost of cognitive effort [1,46]
into the reward rate optimization model (see below). Finally, we used our model to perform
reverse inference on our data, identifying the subjective weights of incentives that gave rise to
performance on a given trial.

We showed that adjustments of threshold and drift rate can vary as a function of task incen-
tives, which then drive adaptive adjustments in cognitive control. Notably, achieving this result
required us to build in the assumption that increases in drift rate incur a cost, an assumption
that is grounded in past research on mental effort [1,33]. In the absence of this cost, our reward
rate model predicts that individuals should maintain a maximal drift rate across incentive con-
ditions, which is inconsistent with our findings. However, while we have ruled out the possibil-
ity that drift rate is costless, the precise form of its cost function remains an open question.
Follow-up simulations show that our assumed quadratic cost function—which was motivated
by previous research into cognitive effort discounting [47,48] —offers a smoother objective
function than linear or exponential alternatives (Fig A2 in S1 Supporting Information), but all
three of these cost functions make qualitatively similar predictions for our current task. We
have also left open the question of whether and how a cost function applies to increases in
response threshold. While there is reason to believe that threshold adjustments may incur
analogous effort costs to attentional adjustments, in part given the control allocation mecha-
nisms they share [2,32,34,49-51], threshold adjustments already carry an inherent cost in the
form of a speed-accuracy tradeoff. It therefore wasn’t strictly necessary to incorporate an addi-
tional effort cost for threshold in the current simulations (Fig A3 in S1 Supporting Informa-
tion), though it is possible such a cost would provide additional explanatory power under a
different task design. Future work should investigate potential differences in these cost func-
tions across these and other common control signals.

While our modified reward rate optimization model was able to accurately characterize
how reward and punishment incentives influenced cognitive control allocation in our task, a
critical next step will be to examine the degree to which these findings generalize to other tasks
and incentive schemes, and to refine the model accordingly. For instance, in addition to testing
the form that different control cost functions take, future work can clarify how people discount
time when optimizing this reward function. Our model assumes that people discount time in a
multiplicative fashion (i.e., as the denominator for reward), which is a standard assumption in
models of reward rate optimization [31,38]. However, we cannot rule out an alternative possi-
bility that they are instead discounting time additively, as is assumed by models that treat time
as an opportunity cost of effort [35,52], because these models are likely to make similar predic-
tions with respect to drift and threshold optimization in our current study. Identifying and
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testing tasks that differentiate between these predictions holds value for bridging these two
lines of research in the service of better understanding effort allocation.

Another open question is whether people weigh the incentives for a correct response differ-
ently depending on whether these incentives are positive or negative. In our study, correct
responses were only associated with potential rewards (positive reinforcement), but a key pre-
diction of our model is that people should adjust their control configuration similarly (i.e.,
increase drift rate, lower threshold) when correct responses instead avoid a negative outcome
(negative reinforcement), though perhaps to different degrees. Our approach thus offers
promise for disentangling the roles of incentive valence (positive vs. negative) and incentive
type (reinforcement vs. punishment) in motivated control [53].

More generally, it will be important to test whether similar drift and threshold adjustments
occur across other cognitive control tasks that carry a similar structure to this one, and to
extend our optimization approach to tasks that require different forms of multivariate control
configuration, such as distributing attention across multiple stimuli or features [54,55]. Broad-
ening the applications of this approach to a wider array of control signals will also provide a
critical step towards understanding how people distribute their cognitive effort across a multi-
tude of tasks in real-world settings. Along these lines, a simplifying assumption of our current
approach was that people assume reward rate is constant within a given task environment.
While this assumption was reasonable given the parameters of our task (i.e., where incentives
were explicitly cued and pseudorandomized), a crucial next step will be to examine how people
dynamically reconfigure control as they learn from feedback that the expected rewards and
penalties in their environment are changing. Research has shown that people dynamically
adjust their response threshold in both decision-making tasks [56] and cognitive control tasks
[30,57] as they learn to expect greater rewards. It remains to be tested how these cognitive con-
trol adjustments are distributed across both threshold and drift rate with changes in both
reward and punishment, as well as with individual-specific [58,59] and context-specific [60]
differences in learning from these positive and negative outcomes.

Interestingly, research into how people learn differentially from positive versus negative
outcomes has shown that these learned values also differentially influence a person’s confi-
dence on a given task, with negative feedback resulting in lower confidence in one’s perfor-
mance on both perceptual and value-based choice tasks [61,62] Alongside connections that
have also been identified between confidence and adjustments of response threshold [63,64],
these findings converge with our own observations of increasing threshold in the face of higher
expected punishment. Thus, an important direction for future work will be to examine how
metacognitive experiences associated with our task vary with experienced incentives and
potentially serve to moderate subsequent control adjustments.

Finally, our combined theoretical and empirical approach enabled us to quantify individual
differences in how participants subjectively valued expected rewards and punishments based
solely on their task performance. We found that people weighed punishments more heavily
than rewards, despite the equivalent currency (i.e., amounts of monetary gain vs. loss). This
finding is consistent with past work on loss aversion [44] and motivation to avoid failure
[45,65], and more generally, with the findings that distinct neural circuits are specialized for
processing appetitive versus aversive outcomes [66,67]. While our approach to estimating
these individual differences is exploratory and requires further validation across different tasks
and incentive schemes (such as those noted above), we believe that it holds promise for under-
standing how people vary in their motivation to succeed and/or avoid failure in daily life
[21,68-72]. Not only can this method help to infer these sensitivity parameters for a given indi-
vidual implicitly (i.e., based on task performance rather than self-report), it can also provide
valuable insight into the cognitive and computational mechanisms that underpin adaptive
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control adjustments, and when and how they become maladaptive (e.g., for individuals with
anxiety, depression, or schizophrenia) [73-78].

Materials and methods
Ethics statement

All the studies were approved by Brown University’s Institutional Review Board (approval
number: 1606001539). Participants gave informed written consent and received cash ($3 to $6,
depending on their performance and task contingencies) for participation.

Participants

Study 1. We collected 36 participants online through Amazon’s Mechanical Turk. We
limited the sample to participants located within the United States, but did not put any other
restrictions on demographics (e.g., race). 4 participants were excluded for either not under-
standing the task properly (based on their responses to quiz questions after the instructions) or
having mean accuracy below 60% and mean reaction times outside of 3 standard deviations of
the mean reaction time of all the participants. The remaining 32 participants (Gender: 31%
Female; Age: 35+10 years) were included in all of our analyses.

Study 2. We collected 71 participants online through Amazon’s Mechanical Turk. 6 par-
ticipants were excluded for either not understanding the task properly (based on their
responses to quiz questions after the instructions) or having mean accuracy below 60% and
mean reaction times outside of 3 standard deviations of the mean reaction time of all the par-
ticipants. The remaining 65 participants (Gender: 45% Female; Age: 3819 years) were included
in all of our analyses.

Incentivized cognitive control task

Study 1. We designed a new task to investigate cognitive control allocation in a self-paced
environment (Fig 1). During this task, participants are given fixed time intervals (e.g., 10 sec-
onds) to perform a cognitively demanding task (Stroop task), in which they have to name the
ink color of a color word. There were four possible ink colors (red, yellow, green and blue)
across four possible color words (‘RED’, ‘YELLOW’, ‘GREEN’, ‘BLUE’). Participants were
instructed to press the key corresponding to the ink color of each stimulus. The ink color
could be congruent (e.g., BLUE in blue ink) or incongruent (e.g., BLUE in red ink) with the
meaning of the word. Responding to incongruent stimuli has been shown to require an over-
ride of their more automatic tendency to respond based on the word meaning. The overall
ratio of congruent versus incongruent trials was 1:1. Participants could perform as many
Stroop trials as they wanted and were able during each interval, with a new trial appearing
immediately after each response. Due to this self-paced design, the proportion of congruent
trials could vary slightly across intervals. To discourage participants from developing a trial-
counting strategy (e.g., aiming to complete 10 responses per interval), the duration of intervals
varied across the session (i.e., ranging from 8 to 12 seconds).

Participants were instructed that they would be rewarded for correct responses and penal-
ized for incorrect responses. At the start of each interval, a visual cue indicated the level of
reward and punishment associated with their responses in the subsequent interval. We varied
reward for correct responses (+1 cent or +10 cents) and punishment for incorrect responses
(-1 cent or -10 cents) within each subject, which leads to four distinct conditions (Fig 1). Each
participant performed 20 intervals per condition. The main task was divided into 4 blocks.
Within each block, one incentive was fixed across intervals (e.g., reward level) while the other
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incentive (e.g., penalty level) randomly varied across intervals. The type of incentive that was
fixed vs. varying was swapped halfway through the experiment. The order of fixed incentives
was counterbalanced across participants. During each interval, participants could complete as
many Stroop trials as they would like. Below each Stroop stimulus, a tracker indicated the
cumulative amount of monetary reward within that interval. After each interval, participants
were informed how much they earned. To ensure that each interval was evaluated indepen-
dently, participants were informed (veridically) that 8 out of the 80 intervals in the main task
were randomly selected and the total money earned in these selected intervals would be part of
their final payment. The experiment was implemented within the PsiTurk framework [79].

Before the main task, participants performed several practice sessions. First, they practiced
the mapping between keyboard keys and colors (80 trials). Then they completed practice for
the Stroop task (60 trials). Participants then practiced the Stroop task in the self-paced setting
(4 intervals). In a final practice block, participants were introduced to the visual cues and prac-
ticed the self-paced intervals with these visual cues (12 intervals).

Study 2. The task in Study 2 has a similar structure compared to Study 1. The major dif-
ference between tasks was that the magnitude of reward and penalty was selected from three
possible levels (1 cent, 5 cents and 10 cents) instead of binary levels in Study 1, such that there
exist 9 distinct conditions in the experiment (3 levels of reward by 3 levels of punishment, Fig
6). Each participant performed 8 intervals per condition. Given that there were 3 levels of each
incentive type in this study, the main task was divided into 6 blocks (compared to 4 blocks in
Study 1). As in Study 1, the condition was cued prior to the start of each interval.

Analyses

Study 1. With this paradigm, we can analyze performance at the level of a given interval
and at the level of responses to individual Stroop stimuli within that interval. We analyzed par-
ticipants’ interval-level performance by fitting a linear mixed model (Ime4 package in R; [80])
to estimate the correct responses per second as a function of contrast-coded reward and pun-
ishment levels (High Reward = 1, Low Reward = -1, High Punishment = 1, Low Punishment =
-1) as well as their interaction. The models controlled for age, gender, and proportion of con-
gruent stimuli, and using models with maximally specified random effects [81].

Correct /second ~ age + gender + reward * penalty + mean congruence

To understand how the incentive effects on overall performance are composed of the influ-
ences on speed and accuracy, we separately fit linear mixed models to trial-wise reaction time
(correct responses only) and accuracy, controlling for the stimuli congruency. We performed
analysis of variance on the fitted mixed models to test the overall effects of reward and punish-
ment.

log(RT for correct response) ~ age + gender + reward * penalty x congruence

Accuracy ~ logit(age + gender + reward * penalty x congruence)

We parameterized participants’ responses in the task as a process of noisy evidence
accumulating towards one of two boundaries (correct vs. error) using the Drift Diffusion
Model (DDM). The DDM is a mechanistic model of decision-making that decomposes
choices into a set of constituent processes (e.g., evidence accumulation and response
thresholding), allowing precise measurement of how different components of the choice
process (e.g., RT and accuracy) are simultaneously optimized [37]. We performed hierar-
chical fitting of DDM parameters using the HDDM package [43]. In the DDM model, the
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drift rate and threshold depend on trial type (congruent or incongruent), reward level
and/or penalty level. The selection of predictors for drift rate and threshold is based on
the model comparison using DIC. We fixed the starting point at the mid-point between
the two boundaries as there was no prior bias toward a specific response in the task. The
non-decision time was fitted as a free parameter.

We characterized the optimal allocation of cognitive control as the maximization of the reward
rate [31] with modification for effort cost. Based on qualitative comparisons between predictions
of different cost functions (see Part 2 in S1 Supporting Information), we chose to express these
cost functions as a quadratic function of drift rate and to assume no cost on increases in threshold,
but note that alternate formats of each of these cost functions yield qualitatively similar predic-
tions for all of our key findings (see Part 2 in S1 Supporting Information). With the effort-dis-
counted reward rate, we make predictions about the influences of incentives on control allocation
by numerically identifying the optimal drift rate and threshold under varying reward and punish-
ment. To validate our normative prediction, we fit accuracies and RT's across the different task
conditions with a DDM [43], which allowed us to derive estimates of how a participant’s drift rate
and threshold varied across different levels of reward and punishment. We performed model
comparison based on deviance information criterion (DIC; lower is better) to identify the best
model for the behavioral data. Based on the assumption that participants’ cognitive control alloca-
tion optimizes the reward rate, we inferred participants’ subjective weights of reward and punish-
ment from the estimated drift rate and threshold.

Study 2. We performed linear mixed model analysis on the participants’ interval-level
performance with reward and punishment levels coded with sliding-difference contrast so that
the two contrasts represent the difference between two consecutive reward or punishment lev-
els (Medium—Low, High—Medium). We separately fit linear mixed models to trial-wise reac-
tion time (correct responses only) and accuracy, controlling for the stimuli congruency.

We fit participants’ responses with the DDM using three-level polynomial contrast coding
to obtain the linear and nonlinear patterns of incentive effects on DDM parameters. The coef-
ficients in these contrasts were then transformed back to the DDM parameters under each
condition.

Supporting information

S1 Supporting Information. Supporting information. Fig Al in S1 Supporting Information.
Drift diffusion model with interaction between incentive level and trial congruence. Fig A2 in
S1 Supporting Information. Predicted relationship between reward and optimal drift rate with
different. Fig A3 in S1 Supporting Information. Predicted incentive effects with and without
effort cost of threshold. format of effort cost. Fig A4 in S1 Supporting Information. Model
comparison between best model in Fig 4B and models including non-decision time (Study 1).
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S1 Supporting Information. Parameter recovery for the subjective weights (Study 1). Fig A7 in
S1 Supporting Information. Empirically observed estimates of incentive effects on DDM
parameters in Study 2. Table Al in S1 Supporting Information. Mixed Model Results for Cor-
rect Responses per Second (Study 2). Table A2 in S1 Supporting Information. Mixed Model
Results for Log-Transformed Reaction Time and Accuracy (Study 2).

(DOCX)

Author Contributions

Conceptualization: Xiamin Leng, Debbie Yee, Amitai Shenhav.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 17/21


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009737.s001
https://doi.org/10.1371/journal.pcbi.1009737

PLOS COMPUTATIONAL BIOLOGY Motivation and cognitive control adaptation

Data curation: Xiamin Leng, Debbie Yee.

Formal analysis: Xiamin Leng, Harrison Ritz.

Supervision: Amitai Shenhav.

Writing - original draft: Xiamin Leng, Debbie Yee, Harrison Ritz, Amitai Shenhav.

Writing - review & editing: Xiamin Leng, Debbie Yee, Harrison Ritz, Amitai Shenhav.

References

1. Shenhav A, Musslick S, Lieder F, Kool W, Griffiths TL, Cohen JD, et al. Toward a Rational and Mecha-
nistic Account of Mental Effort. Annu Rev Neurosci. 2017; 40: 99—124. https://doi.org/10.1146/annurev-
neuro-072116-031526 PMID: 28375769

2. Shenhav A, Botvinick MM, Cohen JD. The expected value of control: an integrative theory of anterior
cingulate cortex function. Neuron. 2013; 79: 217-240. https://doi.org/10.1016/j.neuron.2013.07.007
PMID: 23889930

3. LewinK. A dynamic theory of personality (DK Adams & KE Zener, Trans.). New York, NY, US:
McGraw-Hill. 1935.

Atkinson JW, Feather NT, Others. A theory of achievement motivation. Wiley New York; 1966.

5. Botvinick M, Braver T. Motivation and cognitive control: from behavior to neural mechanism. Annu Rev
Psychol. 2015; 66: 83—113. https://doi.org/10.1146/annurev-psych-010814-015044 PMID: 25251491

6. Wrosch C, Scheier MF, Carver CS, Schulz R. The Importance of Goal Disengagement in Adaptive Self-
Regulation: When Giving Up is Beneficial. Self and Identity. 2003. pp. 1-20.

7. Meyniel F, Sergent C, Rigoux L, Daunizeau J, Pessiglione M. Neurocomputational account of how the
human brain decides when to have a break. Proc Natl Acad Sci U S A. 2013; 110: 2641-2646. https://
doi.org/10.1073/pnas.1211925110 PMID: 23341598

8. Yee DM, Braver TS. Interactions of motivation and cognitive control. Current Opinion in Behavioral Sci-
ences. 2018. pp. 83—90. https://doi.org/10.1016/j.cobeha.2017.11.009 PMID: 30035206

9. Parro C, Dixon ML, Christoff K. The neural basis of motivational influences on cognitive control. Hum
Brain Mapp. 2018; 39: 5097-5111. https://doi.org/10.1002/hbm.24348 PMID: 30120846

10. Braver TS, Krug MK, Chiew KS, Kool W, Westbrook JA, Clement NJ, et al. Mechanisms of motivation—
cognition interaction: challenges and opportunities. Cogn Affect Behav Neurosci. 2014; 14: 443—-472.
https://doi.org/10.3758/s13415-014-0300-0 PMID: 24920442

11. Krebs RM, Boehler CN, Woldorff MG. The influence of reward associations on conflict processing in the
Stroop task. Cognition. 2010; 117: 341-347. https://doi.org/10.1016/j.cognition.2010.08.018 PMID:
20864094

12. Cools R. The cost of dopamine for dynamic cognitive control. Current Opinion in Behavioral Sciences.
2015; 4: 152—-159.

13. VassenakE, Silvetti M, Boehler CN, Achten E, Fias W, Verguts T. Overlapping neural systems represent
cognitive effort and reward anticipation. PLoS One. 2014; 9: €91008. https://doi.org/10.1371/journal.
pone.0091008 PMID: 24608867

14. Padmala S, Pessoa L. Reward reduces conflict by enhancing attentional control and biasing visual corti-
cal processing. J Cogn Neurosci. 2011; 23: 3419-3432. https://doi.org/10.1162/jocn_a_00011 PMID:
21452938

15. Chiew KS, Braver TS. Reward favors the prepared: Incentive and task-informative cues interact to
enhance attentional control. J Exp Psychol Hum Percept Perform. 2016; 42: 52—66. https://doi.org/10.
1037/xhp0000129 PMID: 26322689

16. Hefer C, Dreisbach G. How performance-contingent reward prospect modulates cognitive control:
Increased cue maintenance at the cost of decreased flexibility. J Exp Psychol Learn Mem Cogn. 2017;
43: 1643-1658. https://doi.org/10.1037/xIm0000397 PMID: 28287763

17.  Frémer R, Lin H, Dean Wolf CK, Inzlicht M, Shenhav A. Expectations of reward and efficacy guide cog-
nitive control allocation. Nat Commun. 2021; 12: 1030. https://doi.org/10.1038/s41467-021-21315-z
PMID: 33589626

18. Cubillo A, Makwana AB, Hare TA. Differential modulation of cognitive control networks by monetary
reward and punishment. Soc Cogn Affect Neurosci. 2019; 14: 305-317. https://doi.org/10.1093/scan/
nsz006 PMID: 30690563

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 18/21


https://doi.org/10.1146/annurev-neuro-072116-031526
https://doi.org/10.1146/annurev-neuro-072116-031526
http://www.ncbi.nlm.nih.gov/pubmed/28375769
https://doi.org/10.1016/j.neuron.2013.07.007
http://www.ncbi.nlm.nih.gov/pubmed/23889930
https://doi.org/10.1146/annurev-psych-010814-015044
http://www.ncbi.nlm.nih.gov/pubmed/25251491
https://doi.org/10.1073/pnas.1211925110
https://doi.org/10.1073/pnas.1211925110
http://www.ncbi.nlm.nih.gov/pubmed/23341598
https://doi.org/10.1016/j.cobeha.2017.11.009
http://www.ncbi.nlm.nih.gov/pubmed/30035206
https://doi.org/10.1002/hbm.24348
http://www.ncbi.nlm.nih.gov/pubmed/30120846
https://doi.org/10.3758/s13415-014-0300-0
http://www.ncbi.nlm.nih.gov/pubmed/24920442
https://doi.org/10.1016/j.cognition.2010.08.018
http://www.ncbi.nlm.nih.gov/pubmed/20864094
https://doi.org/10.1371/journal.pone.0091008
https://doi.org/10.1371/journal.pone.0091008
http://www.ncbi.nlm.nih.gov/pubmed/24608867
https://doi.org/10.1162/jocn%5Fa%5F00011
http://www.ncbi.nlm.nih.gov/pubmed/21452938
https://doi.org/10.1037/xhp0000129
https://doi.org/10.1037/xhp0000129
http://www.ncbi.nlm.nih.gov/pubmed/26322689
https://doi.org/10.1037/xlm0000397
http://www.ncbi.nlm.nih.gov/pubmed/28287763
https://doi.org/10.1038/s41467-021-21315-z
http://www.ncbi.nlm.nih.gov/pubmed/33589626
https://doi.org/10.1093/scan/nsz006
https://doi.org/10.1093/scan/nsz006
http://www.ncbi.nlm.nih.gov/pubmed/30690563
https://doi.org/10.1371/journal.pcbi.1009737

PLOS COMPUTATIONAL BIOLOGY Motivation and cognitive control adaptation

19. Yamaguchi M, Nishimura A. Modulating proactive cognitive control by reward: differential anticipatory
effects of performance-contingent and non-contingent rewards. Psychol Res. 2019; 83: 258-274.
https://doi.org/10.1007/s00426-018-1027-2 PMID: 29855699

20. Yee DM, Krug MK, Allen AZ, Braver TS. Humans Integrate Monetary and Liquid Incentives to Motivate
Cognitive Task Performance. Front Psychol. 2016; 6: 2037. https://doi.org/10.3389/fpsyg.2015.02037
PMID: 26834668

21. Braem S, Duthoo W, Notebaert W. Punishment sensitivity predicts the impact of punishment on cogni-
tive control. PLoS One. 2013; 8: €74106. https://doi.org/10.1371/journal.pone.0074106 PMID:
24058520

22. Yee DM, Crawford JL, Lamichhane B, Braver TS. Dorsal Anterior Cingulate Cortex Encodes the Inte-
grated Incentive Motivational Value of Cognitive Task Performance. J Neurosci. 2021; 41: 3707-3720.
https://doi.org/10.1523/JNEUROSCI.2550-20.2021 PMID: 33707296

23. Church RM. THE VARIED EFFECTS OF PUNISHMENT ON BEHAVIOR. Psychol Rev. 1963; 70: 369—
402. https://doi.org/10.1037/h0046499 PMID: 14049776

24. vanVeenV, Krug MK, Carter CS. The neural and computational basis of controlled speed-accuracy
tradeoff during task performance. J Cogn Neurosci. 2008; 20: 1952—1965. https://doi.org/10.1162/jocn.
2008.20146 PMID: 18416686

25. Danielmeier C, Ullsperger M. Post-error adjustments. Front Psychol. 2011; 2: 233. https://doi.org/10.
3389/fpsyg.2011.00233 PMID: 21954390

26. Ritz H, DeGutis J, Frank MJ, Esterman M, Shenhav A. An evidence accumulation model of motivational
and developmental influences over sustained attention. 42nd Annual Meeting of the Cognitive Science
Society. 2020.

27. RitzH, Shenhav A. Parametric control of distractor-oriented attention. 41st Annual Meeting of the Cog-
nitive Science Society. 2019.

28. NivY, Daw ND, Joel D, Dayan P. Tonic dopamine: opportunity costs and the control of response vigor.
Psychopharmacology. 2007; 191: 507-520. https://doi.org/10.1007/s00213-006-0502-4 PMID:
17031711

29. Boureau Y-L, Dayan P. Opponency revisited: competition and cooperation between dopamine and
serotonin. Neuropsychopharmacology. 2011; 36: 74-97. https://doi.org/10.1038/npp.2010.151 PMID:
20881948

30. Otto AR, Daw ND. The opportunity cost of time modulates cognitive effort. Neuropsychologia. 2019;
123: 92—-105. https://doi.org/10.1016/j.neuropsychologia.2018.05.006 PMID: 29750987

31. Bogacz R, Brown E, Moehlis J, Holmes P, Cohen JD. The physics of optimal decision making: a formal
analysis of models of performance in two-alternative forced-choice tasks. Psychol Rev. 2006; 113:
700-765. https://doi.org/10.1037/0033-295X.113.4.700 PMID: 17014301

32. Shenhav A, Cohen JD, Botvinick MM. Dorsal anterior cingulate cortex and the value of control. Nat Neu-
rosci. 2016; 19: 1286—1291. https://doi.org/10.1038/nn.4384 PMID: 27669989

33. Manohar SG, Chong TT-J, Apps MAJ, Batla A, Stamelou M, Jarman PR, et al. Reward Pays the Cost of
Noise Reduction in Motor and Cognitive Control. Curr Biol. 2015; 25: 1707—-1716. https://doi.org/10.
1016/j.cub.2015.05.038 PMID: 26096975

34. Musslick S, Shenhav A, Botvinick MM, Cohen JD. A computational model of control allocation based on
the expected value of control. The 2nd multidisciplinary conference on reinforcement learning and deci-
sion making. 2015.

35. LiederF, Shenhav A, Musslick S, Griffiths TL. Rational metareasoning and the plasticity of cognitive
control. PLoS Comput Biol. 2018; 14: e1006043. https://doi.org/10.1371/journal.pcbi. 1006043 PMID:
29694347

36. SchmidtL, Lebreton M, Cléry-Melin M-L, Daunizeau J, Pessiglione M. Neural mechanisms underlying
motivation of mental versus physical effort. PLoS Biol. 2012; 10: e1001266. https://doi.org/10.1371/
journal.pbio.1001266 PMID: 22363208

37. Ratcliff R, McKoon G. The diffusion decision model: theory and data for two-choice decision tasks. Neu-
ral Comput. 2008; 20: 873-922. https://doi.org/10.1162/neco.2008.12-06-420 PMID: 18085991

38. Simen P, Contreras D, Buck C, Hu P, Holmes P, Cohen JD. Reward rate optimization in two-alternative
decision making: empirical tests of theoretical predictions. J Exp Psychol Hum Percept Perform. 2009;
35: 1865—1897. hitps://doi.org/10.1037/a0016926 PMID: 19968441

39. Krueger PM, van Vugt MK, Simen P, Nystrom L, Holmes P, Cohen JD. Evidence accumulation detected
in BOLD signal using slow perceptual decision making. J Neurosci Methods. 2017; 281: 21-32. hitps://
doi.org/10.1016/j.jneumeth.2017.01.012 PMID: 28131862

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 19/21


https://doi.org/10.1007/s00426-018-1027-2
http://www.ncbi.nlm.nih.gov/pubmed/29855699
https://doi.org/10.3389/fpsyg.2015.02037
http://www.ncbi.nlm.nih.gov/pubmed/26834668
https://doi.org/10.1371/journal.pone.0074106
http://www.ncbi.nlm.nih.gov/pubmed/24058520
https://doi.org/10.1523/JNEUROSCI.2550-20.2021
http://www.ncbi.nlm.nih.gov/pubmed/33707296
https://doi.org/10.1037/h0046499
http://www.ncbi.nlm.nih.gov/pubmed/14049776
https://doi.org/10.1162/jocn.2008.20146
https://doi.org/10.1162/jocn.2008.20146
http://www.ncbi.nlm.nih.gov/pubmed/18416686
https://doi.org/10.3389/fpsyg.2011.00233
https://doi.org/10.3389/fpsyg.2011.00233
http://www.ncbi.nlm.nih.gov/pubmed/21954390
https://doi.org/10.1007/s00213-006-0502-4
http://www.ncbi.nlm.nih.gov/pubmed/17031711
https://doi.org/10.1038/npp.2010.151
http://www.ncbi.nlm.nih.gov/pubmed/20881948
https://doi.org/10.1016/j.neuropsychologia.2018.05.006
http://www.ncbi.nlm.nih.gov/pubmed/29750987
https://doi.org/10.1037/0033-295X.113.4.700
http://www.ncbi.nlm.nih.gov/pubmed/17014301
https://doi.org/10.1038/nn.4384
http://www.ncbi.nlm.nih.gov/pubmed/27669989
https://doi.org/10.1016/j.cub.2015.05.038
https://doi.org/10.1016/j.cub.2015.05.038
http://www.ncbi.nlm.nih.gov/pubmed/26096975
https://doi.org/10.1371/journal.pcbi.1006043
http://www.ncbi.nlm.nih.gov/pubmed/29694347
https://doi.org/10.1371/journal.pbio.1001266
https://doi.org/10.1371/journal.pbio.1001266
http://www.ncbi.nlm.nih.gov/pubmed/22363208
https://doi.org/10.1162/neco.2008.12-06-420
http://www.ncbi.nlm.nih.gov/pubmed/18085991
https://doi.org/10.1037/a0016926
http://www.ncbi.nlm.nih.gov/pubmed/19968441
https://doi.org/10.1016/j.jneumeth.2017.01.012
https://doi.org/10.1016/j.jneumeth.2017.01.012
http://www.ncbi.nlm.nih.gov/pubmed/28131862
https://doi.org/10.1371/journal.pcbi.1009737

PLOS COMPUTATIONAL BIOLOGY Motivation and cognitive control adaptation

40. CohenJD, Dunbar K, McClelland JL. On the control of automatic processes: a parallel distributed pro-
cessing account of the Stroop effect. Psychol Rev. 1990; 97: 332-361. https://doi.org/10.1037/0033-
295x.97.3.332 PMID: 2200075

41. Bugg JM. Dissociating Levels of Cognitive Control: The Case of Stroop Interference. Curr Dir Psychol
Sci. 2012; 21: 302-309.

42, Diedrichsen J, Shadmehr R, Ivry RB. The coordination of movement: optimal feedback control and
beyond. Trends Cogn Sci. 2010; 14: 31-39. https://doi.org/10.1016/j.tics.2009.11.004 PMID: 20005767

43. Wiecki TV, Sofer |, Frank MJ. HDDM: Hierarchical Bayesian estimation of the Drift-Diffusion Model in
Python. Front Neuroinform. 2013; 7: 14. https://doi.org/10.3389/fninf.2013.00014 PMID: 23935581

44. Kahneman D, Tversky A. Prospect Theory: An Analysis of Decision under Risk. Econometrica. 1979;
47:263-291.

45. Hajcak G, Foti D. Errors Are Aversive. Psychological Science. 2008. pp. 103—108. https://doi.org/10.
1111/j.1467-9280.2008.02053.x PMID: 18271855

46. Westbrook A, Kester D, Braver TS. What is the subjective cost of cognitive effort? Load, trait, and aging
effects revealed by economic preference. PLoS One. 2013; 8: e68210. https://doi.org/10.1371/journal.
pone.0068210 PMID: 23894295

47. Westbrook A, Braver TS. Cognitive effort: A neuroeconomic approach. Cogn Affect Behav Neurosci.
2015; 15: 395—-415. https://doi.org/10.3758/s13415-015-0334-y PMID: 25673005

48. Crawford JL, Eisenstein SA, Peelle JE, Braver TS. Domain-general cognitive motivation: evidence from
economic decision-making. Cogn Res Princ Implic. 2021; 6: 4. https://doi.org/10.1186/s41235-021-
00272-7 PMID: 33538943

49. Danielmeier C, Eichele T, Forstmann BU, Tittgemeyer M, Ullsperger M. Posterior medial frontal cortex
activity predicts post-error adaptations in task-related visual and motor areas. J Neurosci. 2011; 31:
1780-1789. https://doi.org/10.1523/JNEUROSCI.4299-10.2011 PMID: 21289188

50. King JA, Korb FM, von Cramon DY, Ullsperger M. Post-error behavioral adjustments are facilitated by
activation and suppression of task-relevant and task-irrelevant information processing. J Neurosci.
2010; 30: 12759—-12769. https://doi.org/10.1523/JNEUROSCI.3274-10.2010 PMID: 20861380

51. vanMaanenL, Brown SD, Eichele T, Wagenmakers E-J, Ho T, Serences J, et al. Neural Correlates of
Trial-to-Trial Fluctuations in Response Caution. J Neurosci. 2011. pp. 17488-17495. https://doi.org/10.
1523/JNEUROSCI.2924-11.2011 PMID: 22131410

52. Kurzban R, Duckworth A, Kable JW, Myers J. An opportunity cost model of subjective effort and task
performance. Behav Brain Sci. 2013; 36: 661-679. https://doi.org/10.1017/S0140525X12003196
PMID: 24304775

53. YeeD, Leng X, Shenhav A, Braver T. Aversive Motivation and Cognitive Control. Neuroscience and
Biobehavioral Reviews. 2021. https://doi.org/10.1016/j.neubiorev.2021.12.016 PMID: 34910931

54. RitzH, Leng X, Shenhav A. Cognitive control as a multivariate optimization problem. arXiv [g-bio.NC].
2021. http://arxiv.org/abs/2110.00668

55. Ritz H, Shenhav A. Humans reconfigure target and distractor processing to address distinct task
demands. bioRxiv. 2021. https://www.biorxiv.org/content/10.1101/2021.09.08.459546.abstract

56. Fontanesil, Gluth S, Spektor MS, Rieskamp J. A reinforcement learning diffusion decision model for
value-based decisions. Psychon Bull Rev. 2019; 26: 1099—1121. https://doi.org/10.3758/s13423-018-
1554-2 PMID: 30924057

57. Devine S, Neumann C, Otto AR, Bolenz F, Reiter AMF, Eppinger B. Seizing the opportunity: Lifespan
differences in the effects of the opportunity cost of time on cognitive control. PsyArXiv. 2021. https://doi.
org/10.1016/j.cognition.2021.104863 PMID: 34384965

58. Rosenbaum G, Grassie H, Hartley CA. Valence biases in reinforcement learning shift across adoles-
cence and modulate subsequent memory. PsyArXiv. 2020. https://doi.org/10.31234/0sf.io/n3vsr

59. Raab HA, Hartley CA. Adolescents exhibit reduced Pavlovian biases on instrumental learning. Sci Rep.
2020; 10: 15770. https://doi.org/10.1038/s41598-020-72628-w PMID: 32978451

60. Palminteri S, Lebreton M. Context-dependent outcome encoding in human reinforcement learning. Curr
Opin Behav Sci. 2021; 41: 144-151.

61. Lebreton M, Langdon S, Slieker MJ, Nooitgedacht JS, Goudriaan AE, Denys D, et al. Two sides of the
same coin: Monetary incentives concurrently improve and bias confidence judgments. Sci Adv. 2018; 4:
eaag0668. https://doi.org/10.1126/sciadv.aaq0668 PMID: 29854944

62. Lebreton M, Bacily K, Palminteri S, Engelmann JB. Contextual influence on confidence judgments in
human reinforcement learning. PLoS Comput Biol. 2019; 15: e1006973. https://doi.org/10.1371/journal.
pcbi. 1006973 PMID: 30958826

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 20/21


https://doi.org/10.1037/0033-295x.97.3.332
https://doi.org/10.1037/0033-295x.97.3.332
http://www.ncbi.nlm.nih.gov/pubmed/2200075
https://doi.org/10.1016/j.tics.2009.11.004
http://www.ncbi.nlm.nih.gov/pubmed/20005767
https://doi.org/10.3389/fninf.2013.00014
http://www.ncbi.nlm.nih.gov/pubmed/23935581
https://doi.org/10.1111/j.1467-9280.2008.02053.x
https://doi.org/10.1111/j.1467-9280.2008.02053.x
http://www.ncbi.nlm.nih.gov/pubmed/18271855
https://doi.org/10.1371/journal.pone.0068210
https://doi.org/10.1371/journal.pone.0068210
http://www.ncbi.nlm.nih.gov/pubmed/23894295
https://doi.org/10.3758/s13415-015-0334-y
http://www.ncbi.nlm.nih.gov/pubmed/25673005
https://doi.org/10.1186/s41235-021-00272-7
https://doi.org/10.1186/s41235-021-00272-7
http://www.ncbi.nlm.nih.gov/pubmed/33538943
https://doi.org/10.1523/JNEUROSCI.4299-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21289188
https://doi.org/10.1523/JNEUROSCI.3274-10.2010
http://www.ncbi.nlm.nih.gov/pubmed/20861380
https://doi.org/10.1523/JNEUROSCI.2924-11.2011
https://doi.org/10.1523/JNEUROSCI.2924-11.2011
http://www.ncbi.nlm.nih.gov/pubmed/22131410
https://doi.org/10.1017/S0140525X12003196
http://www.ncbi.nlm.nih.gov/pubmed/24304775
https://doi.org/10.1016/j.neubiorev.2021.12.016
http://www.ncbi.nlm.nih.gov/pubmed/34910931
http://arxiv.org/abs/2110.00668
https://www.biorxiv.org/content/10.1101/2021.09.08.459546.abstract
https://doi.org/10.3758/s13423-018-1554-2
https://doi.org/10.3758/s13423-018-1554-2
http://www.ncbi.nlm.nih.gov/pubmed/30924057
https://doi.org/10.1016/j.cognition.2021.104863
https://doi.org/10.1016/j.cognition.2021.104863
http://www.ncbi.nlm.nih.gov/pubmed/34384965
https://doi.org/10.31234/osf.io/n3vsr
https://doi.org/10.1038/s41598-020-72628-w
http://www.ncbi.nlm.nih.gov/pubmed/32978451
https://doi.org/10.1126/sciadv.aaq0668
http://www.ncbi.nlm.nih.gov/pubmed/29854944
https://doi.org/10.1371/journal.pcbi.1006973
https://doi.org/10.1371/journal.pcbi.1006973
http://www.ncbi.nlm.nih.gov/pubmed/30958826
https://doi.org/10.1371/journal.pcbi.1009737

PLOS COMPUTATIONAL BIOLOGY Motivation and cognitive control adaptation

63. Boldt A, Schiffer A-M, Waszak F, Yeung N. Confidence Predictions Affect Performance Confidence and
Neural Preparation in Perceptual Decision Making. Sci Rep. 2019; 9: 4031. https://doi.org/10.1038/
541598-019-40681-9 PMID: 30858436

64. DesenderK, Boldt A, Verguts T, Donner TH. Confidence predicts speed-accuracy tradeoff for subse-
quent decisions. Elife. 2019; 8. https://doi.org/10.7554/eLife.43499 PMID: 31429827

65. Atkinson JW. Motivational determinants of risk-taking behavior. Psychol Rev. 1957; 64, Part 1: 359—
372. https://doi.org/10.1037/h0043445 PMID: 13505972

66. Bissonette GB, Gentry RN, Padmala S, Pessoa L, Roesch MR. Impact of appetitive and aversive out-
comes on brain responses: linking the animal and human literatures. Front Syst Neurosci. 2014; 8: 24.
https://doi.org/10.3389/fnsys.2014.00024 PMID: 24624062

67. Pessiglione M, Delgado MR. The good, the bad and the brain: Neural correlates of appetitive and aver-
sive values underlying decision making. Curr Opin Behav Sci. 2015; 5: 78-84. https://doi.org/10.1016/j.
cobeha.2015.08.006 PMID: 31179377

68. McNaughton N, Gray JA. Anxiolytic action on the behavioural inhibition system implies multiple types of
arousal contribute to anxiety. J Affect Disord. 2000; 61: 161-176. https://doi.org/10.1016/s0165-0327
(00)00344-x PMID: 11163419

69. Kim SH, Yoon H, Kim H, Hamann S. Individual differences in sensitivity to reward and punishment and
neural activity during reward and avoidance learning. Soc Cogn Affect Neurosci. 2015; 10: 1219-1227.
https://doi.org/10.1093/scan/nsv007 PMID: 25680989

70. Locke HS, Braver TS. Motivational influences on cognitive control: behavior, brain activation, and indi-
vidual differences. Cogn Affect Behav Neurosci. 2008; 8: 99—112. https://doi.org/10.3758/cabn.8.1.99
PMID: 18405050

71. Frobése MI, Swart JC, Cook JL, Geurts DEM, den Ouden HEM, Cools R. Catecholaminergic modula-
tion of the avoidance of cognitive control. Journal of Experimental Psychology: General. 2018. pp.
1763-1781. https://doi.org/10.1037/xge0000523 PMID: 30507233

72. Boksem MAS, Tops M, Wester AE, Meijman TF, Lorist MM. Error-related ERP components and individ-
ual differences in punishment and reward sensitivity. Brain Res. 2006; 1101: 92—-101. https://doi.org/10.
1016/j.brainres.2006.05.004 PMID: 16784728

73. Cavanagh JF, Shackman AJ. Frontal midline theta reflects anxiety and cognitive control: meta-analytic
evidence. J Physiol Paris. 2015; 109: 3—15. https://doi.org/10.1016/j.jphysparis.2014.04.003 PMID:
24787485

74. Grahek |, Shenhav A, Musslick S, Krebs RM, Koster EHW. Motivation and cognitive control in depres-
sion. Neurosci Biobehav Rev. 2019; 102: 371-381. https://doi.org/10.1016/j.neubiorev.2019.04.011
PMID: 31047891

75. Paulus MP. Cognitive control in depression and anxiety: out of control? Current Opinion in Behavioral
Sciences. 2015; 1: 113-120.

76. Huang H, Movellan J, Paulus MP, Harlé KM. The Influence of Depression on Cognitive Control: Disam-
biguating Approach and Avoidance Tendencies. PLoS One. 2015; 10: e0143714. https://doi.org/10.
1371/journal.pone.0143714 PMID: 26605795

77. Joormann J, Vanderlind WM. Emotion Regulation in Depression: The Role of Biased Cognition and
Reduced Cognitive Control. Clin Psychol Sci. 2014; 2: 402—421.

78. Barch DM, Sheffield JM. Cognitive control in schizophrenia: Psychological and neural mechanisms. In:
Egner T, editor. The Wiley handbook of cognitive control, pp. 2017. pp. 556-580.

79. Gureckis TM, Martin J, McDonnell J, Rich AS, Markant D, Coenen A, et al. psiTurk: An open-source
framework for conducting replicable behavioral experiments online. Behav Res Methods. 2016; 48:
829-842. https://doi.org/10.3758/s13428-015-0642-8 PMID: 26428910

80. Bates D, Machler M, Bolker B, Walker S. Fitting Linear Mixed-Effects Models Using Ime4. Journal of
Statistical Software, Articles. 2015; 67: 1-48.

81. BarrDJ, Levy R, Scheepers C, Tily HJ. Random effects structure for confirmatory hypothesis testing:
Keep it maximal. J Mem Lang. 2013; 68. https://doi.org/10.1016/j.jml.2012.11.001 PMID: 24403724

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009737 December 28, 2021 21/21


https://doi.org/10.1038/s41598-019-40681-9
https://doi.org/10.1038/s41598-019-40681-9
http://www.ncbi.nlm.nih.gov/pubmed/30858436
https://doi.org/10.7554/eLife.43499
http://www.ncbi.nlm.nih.gov/pubmed/31429827
https://doi.org/10.1037/h0043445
http://www.ncbi.nlm.nih.gov/pubmed/13505972
https://doi.org/10.3389/fnsys.2014.00024
http://www.ncbi.nlm.nih.gov/pubmed/24624062
https://doi.org/10.1016/j.cobeha.2015.08.006
https://doi.org/10.1016/j.cobeha.2015.08.006
http://www.ncbi.nlm.nih.gov/pubmed/31179377
https://doi.org/10.1016/s0165-0327%2800%2900344-x
https://doi.org/10.1016/s0165-0327%2800%2900344-x
http://www.ncbi.nlm.nih.gov/pubmed/11163419
https://doi.org/10.1093/scan/nsv007
http://www.ncbi.nlm.nih.gov/pubmed/25680989
https://doi.org/10.3758/cabn.8.1.99
http://www.ncbi.nlm.nih.gov/pubmed/18405050
https://doi.org/10.1037/xge0000523
http://www.ncbi.nlm.nih.gov/pubmed/30507233
https://doi.org/10.1016/j.brainres.2006.05.004
https://doi.org/10.1016/j.brainres.2006.05.004
http://www.ncbi.nlm.nih.gov/pubmed/16784728
https://doi.org/10.1016/j.jphysparis.2014.04.003
http://www.ncbi.nlm.nih.gov/pubmed/24787485
https://doi.org/10.1016/j.neubiorev.2019.04.011
http://www.ncbi.nlm.nih.gov/pubmed/31047891
https://doi.org/10.1371/journal.pone.0143714
https://doi.org/10.1371/journal.pone.0143714
http://www.ncbi.nlm.nih.gov/pubmed/26605795
https://doi.org/10.3758/s13428-015-0642-8
http://www.ncbi.nlm.nih.gov/pubmed/26428910
https://doi.org/10.1016/j.jml.2012.11.001
http://www.ncbi.nlm.nih.gov/pubmed/24403724
https://doi.org/10.1371/journal.pcbi.1009737

