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Heuristics contribute to sensorimotor decision-making under risk
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Abstract
Research in psychophysics argues that incentivized sensorimotor decisions (such as deciding where to reach to get a reward)
maximize expected gain, suggesting that these decisions may be impervious to cognitive biases and heuristics. We tested this
hypothesis in two experiments, directly comparing the predictive accuracy of an optimal model and plausible suboptimal models.
We obtained strong evidence that people deviated from the optimal strategy by excessively avoiding loss regions when the
potential loss was zero and failing to shift far enough away from loss regions when potential losses outweighed the potential
gains. Although allowing nonlinear distortions of value and probability information improved the fit of value-maximizing
models, behavior was best described by a model encapsulating a simple heuristic strategy. This suggests that visuomotor
decisions are likely influenced by biases and heuristics observed in more classical economic decision-making tasks.
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Research in behavioral economics has provided evidence that
human behavior deviates from what would be expected of
perfectly rational value-maximizing agents (Kahneman &
Tversky, 1979; Tversky & Kahneman, 1981). A prominent
example is the work of Kahneman and Tversky, which cata-
logues a rich array of cognitive biases and heuristics that in-
fluence human choice behavior, often in detrimental ways
(Tversky & Kahneman, 1974). This research has had a tre-
mendous influence on discourse about human rationality and
has provided substantial support for the view that humans are
fundamentally not rational.

Notwithstanding the doctrine of behavioral economics,
many prominent computational models in Psychology and
Neuroscience suggest that the human brain continually per-
forms inferences and actions that are optimal in that they min-
imize costs or maximize gains. Optimization models have
proved useful for explaining human sensory-cue integration
(Landy et al., 2011), perception (Bastos et al., 2012; Feldman
& Friston, 2010; Friston, 2010; Knill & Richards, 1996; Ma
et al., 2006), cognition (Baker et al., 2011; Dayan & Daw,
2008; Griffiths et al., 2008; Howes et al., 2016; Lewis et al.,

2014; Pezzulo et al., 2018; Tauber et al., 2017), and action
(Braun et al., 2011; Brown et al., 2011; Diedrichsen et al.,
2010; Friston, 2010, 2011; Körding & Wolpert, 2004, 2006;
Manohar et al., 2015; Neyedli &Welsh, 2013); however, for a
discussion of systematic suboptimality in human
decision-making see Rahnev and Denison (2018). One espe-
cially compelling demonstration of optimal human behavior is
found in studies using a pointing task created by
Trommershäuser and colleagues (Trommershäuser et al.,
2005; Trommershäuser et al., 2006; Trommershäuser et al.,
2003, 2008). In these studies, participants perform rapid
pointing movements to small rewarding targets while
avoiding overlapping loss regions. This task was designed to
be a conceptual isomorph of decision-making tasks in behav-
ioral economics involving a choice among gambles, in which
people display biases such as loss aversion and risk aversion.
A key finding from this work is that people shift their aim
points away from the loss regions when potential for financial
loss (relative to gain) is increased. The most prominent model
of this phenomenon is an expected-value-maximizing statisti-
cal decisionmodel. According to thismodel, people select aim
points that maximize expected value, where expected value is
computed using information about outcome probabilities and
outcome values and outcome probabilities are determined
using an estimate of movement variance. This work suggests
that value-maximization may be a fundamental principle of
sensorimotor control in humans.
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In this paradigm, participants are presented with perceptual
targets associated monetary gains and losses and participants
execute rapid reaching movements towards these targets.
While the data reported by Trommershäuser et al. are consis-
tent with people adopting optimal aim points, we investigate
here the hypothesis that people may deviate systematically
from optimality when payoffs are large—that is, when poten-
tial for financial loss is significantly increased and is larger
than the potential for financial gains. This hypothesis follows
from the empirical literature on choking under pressure: in a
wide range of sensorimotor and cognitive tasks, humans par-
adoxically fail when they are highly motivated to succeed
(Beilock & Carr, 2004; Chib et al., 2012; DeCaro et al.,
2011; Lee & Grafton, 2015; Yu, 2015). According to one
prominent account, choking occurs when pressure leads to
excessive top-down cognitive control of performance
(DeCaro et al., 2011; Gray, 2004; Lee & Grafton, 2015;
Logan & Crump, 2009; Snyder & Logan, 2013; Yu, 2015).
This increased reliance on cognition may render task perfor-
mance more susceptible to cognitive biases and heuristics.

We administered an incentivized reaching task to 37 healthy
human participants across two experiments to test whether hu-
man sensorimotor control maximizes expected gain, or instead
deviates from optimality. Consistent with prior work, we found
that participants adapted their reaching movements to payoff
information, shifting their aim points away from the loss region
when losses were large. However, compared with the optimal
model, participants shifted the aim of their movements too much
when gains outweighed losses but too little when losses
outweighed gains regardless of the magnitude of these incen-
tives. This behavior was better captured by suboptimal models
incorporating a heuristic strategy that is minimally sensitive to
the reward and penalty values presented. Overall, our results
suggest that human sensorimotor decisions incorporate value
information into their movement decisions in a suboptimal man-
ner. Visuomotor decisions likely depend on cognitive processes
and are not immune to the cognitive biases and heuristics ob-
served in classical economic decision making tasks.

Experiment 1

Methods Ethics statement

All procedures were approved by the University of Michigan
Institutional Review Board of Health Sciences and Behavioral
Sciences and the experiment was carried out in accordance
with the guidelines of this review board.

Participants

Twenty-two students from the University of Michigan partic-
ipated in Experiment 1. All participants gave written informed

consent to participate in the study. All participants were
right-handed, free of neurological disorders, and had normal
or corrected-to-normal vision. At the end of the experiment,
participants were compensated at a rate of $10/hour plus bo-
nuses. A participant’s base hourly compensation was not af-
fected by their performance in any task.

Apparatus
Participants sat in an immobile chair in a small room in

front of a 23-in. touch-screen computer monitor, and a key-
board positioned such that the space bar was 21.5 cm away
from bottom of the monitor. We programmed the reaching
task using PsychoPy (Peirce, 2007) and the loss aversion task
using PyGame (Shinners, 2011).

Reaching task
Participants performed an incentivized reaching task de-

signed to study the optimality of movement planning (Fig.
1A; Trommershäuser et al., 2003). A trial of the reaching task
began with a 1.5-s payoff cue, indicating the potential gains
and losses for the trial. This was followed by a white fixation
cross that remained until the participant pressed the space bar.
After the space bar was pressed, the cross turned blue and blue
box was presented for 400 to 600 ms to indicate where the
stimuli might appear. Next, overlapping gain and loss circles
(radii of 8.5 mm) appeared at a random location and the par-
ticipant released the space bar, reached, and touched the
screen. Stimulus locations were sampled from a 3 × 3 grid
of evenly spaced locations: x: {30, 0, −30} by y: {30, 0,
−30}. The locations were sampled so they were balanced
across conditions. The circles’ centers were 1 radius or 1.4
radii apart, and the loss circle could appear to the left or the
right of the gain circle; the vertical position of the two circles
was always the same.

After completing a movement, participants received feed-
back about where they touched and the gain or loss they ac-
quired. However, if the movement was completed too quickly
(t < 50 ms after stimulus onset) the trial was aborted, and they
received feedback stating “Too soon,” and if the movement
was completed too slowly (t > 1 s after stimulus onset), they
received feedback stating “Too slow” and incurred a loss of
-$5. If a participant touched within the boundary of the green
“gain” circle before the time limit, they earned a reward. If
they touched within the boundary of the penalty circle before
the time limit, they incurred a penalty. If they touched within
the boundaries of both circles before the time limit, they in-
curred the sum of the penalty and reward. A touch outside
both the penalty and reward circles resulted in neither a pen-
alty nor a reward.

Participants trained on the task in three phases. In Phase 1,
they simply reached to a yellow dot (radius = 1 mm) on the
screen. The dot appeared at random locations and the move-
ment end point was displayed with a blue dot at the end of
each trial. Phase 1 consisted of twelve blocks of 36 trials. We
use end point data from Phase 1 of training to obtain a prior
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estimate of participants movement variability. In Phase 2 of
training, participants were introduced to the incentivized
reaching task. This task required rapid reaching to small
“gain” circles while avoiding overlapping “loss” circles.
Phase 2 included possible payoffs of −$5 + $1, −$1 + $1,
and −$0 + 1 and consisted of six blocks of 36 trials. In
Phase 3 of training, additional “high stakes” payoff conditions
were included: −$15 + $3 and −$3 + $3. Phase 3 consisted of
two blocks of 36 trials. Stimulus locations and payoff condi-
tions varied randomly from trial to trial during Phases 2 and 3.

A day later, participants returned to perform the incentiv-
ized reaching task for real cash bonuses. Before beginning the
test, session participants completed a pretest to ensure they
understood how much money they would win or lose depend-
ing on the outcome of their movement. Once they completed
the pretest with 100% accuracy, the participant began the test
session, which consisted of 10 blocks of 60 trials. During the

test session, the following conditions varied randomly from
trial to trial: stimulus location, loss circle side (left or right),
distance between circles (1 radius, 1.4 radii), loss-to-gain ratio
(−5/1, −1/1, 0/1), and payoff multiplier (1×, 3×). After the test
session, there was a raffle in which one trial was randomly
selected from each block (ten trials total) and the participant
gained or lost money (from an endowment of $30) based on
their performance on the randomly selected trials. The raffle
procedure was explained to participants at the start of the
experiment. After the raffle, participants performed the loss
aversion task.

Loss-aversion task
Finally, participants completed a gambling task to measure

their individual loss-aversion (Tom et al., 2007). In this task,
participants were presented with a randomized series of 50/50
gambles. Potential gains ranged from +$10 to +$30, while po-
tential losses ranged from −$5 to −$15. Participants were

Fig. 1 Reaching task and statistical decision model. a Participants
reached at targets to earn cash bonuses while avoiding overlapping
penalty regions. b Our models assume that participants select an
aimpoint and their movement end points are normally distributed
around this aimpoint, largely determined by their movement precision.
c The probabilities and values of potential outcomes can be integrated to

determine the aimpoint that maximizes expected value. d The optimal
aimpoint changes as a function of a person’s movement precision, such
that people with less precise movements should aim further away from
the loss region. e The optimal aimpoint also changes as a function of
monetary incentives, such that people should aim further away from the
loss region as the loss-to-gain ratio increases
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instructed to evaluate each gamble independently and to accept
or reject each of these gambles and to avoid simple
decision-making rules. After the completion, a raffle occurred
in which a trial was randomly selected, and the participant
gained, or lost money based on the values of the selected gam-
ble and the outcome of a virtual coin flip. The raffle procedure
was explained to participants before they began the task.

We measure loss aversion by fitting logistic regression
models to gamble acceptance with gain and loss magnitude
as predictors, separately for each participant. Loss aversion is
computed simply as the ratio of loss sensitivity and gain sen-
sitivity: λ = βloss/βgain. For subjects whose lambda were miss-
ing, we let lambda equal 1, essentially negating the effect of
these subjects on models incorporating loss aversion.

Data preprocessing
First, we filtered out all trials in which responses occurred

more than one second after stimulus onset. Next, we centered
the end points around the center of the reward circle and
scaled the end points by the radius of the reward circle. On
half the trials, the loss circle was actually to the right of the
gain circle. Thus, the mean horizontal end point at this stage of
preprocessing represents horizontal bias. We computed this
bias for each participant and subtracted it from each of their
end points. Next, we reflected all points from the
right-side-loss trials over the y-axis. This ensures that all end
points are on a common coordinate scale with the center of the
target at the origin and the penalty region to the left of origin.
Finally, we excluded all end points outside of +/- 2 radii from
origin in the horizontal or vertical directions.

Sensitivity analysis
We quantified the sensitivity of movement planning to var-

iables including loss-to-gain ratio (5:1, 1:1), distance between
circles (1R, 1.4R), order of magnitude (1×, 3×), loss aversion
(λ), and training variance (σx). The dichotomous predictors
were coded as [−0.5, 0.5], the continuous predictors were
ranked and z-scored, and the outcome, horizontal end point,
was z-scored.

A Bayesian hierarchical regression model was used to es-
timate the effects of the predictors on the outcome. This model
assumed that end points were normally distributed. The inter-
cepts on the mean were allowed to vary by participant around
a group mean. The error variance was also allowed to vary by
participant around a group mean, since each participant has
unique motor variability.

For all regression analyses, we assigned weakly informa-
tive priors to all parameters: N(1,1) for the error-variance and
N(0,1) for all other parameters. All variance parameters were
constrained to have lower bounds of zero. The model was
implemented using the R package {brms} (Bürkner, 2017,
2018) and the probabilistic programming language Stan
(Carpenter et al., 2017). Posterior parameter estimates were
obtained using Markov Chain Monte Carlo sampling with
four chains and 5,000 iterations (2,500 warmup, 2,500

postwarmup) per chain, leading to 10,000 total posterior sam-
ples. We report the median posterior estimates, credible inter-
vals, and probabilities of direction; these statistics convey an
effect’s size, uncertainty, and existence, respectively
(Kruschke, 2011, 2014; Makowski et al., 2019).

Zero-loss analysis
To check whether people aimed at the origin on zero-loss

trials, we fit an intercept-only Bayesian hierarchical regression
model to data from trials in which the loss value was zero.
This model allowed intercepts and end point-variance to vary
by subject. For this model, we did not z-score the horizontal
end point data, so that the posterior estimate for the intercept
could be easily used to test the hypothesis that the mean end
point was zero.

Noise-reduction analysis
We tested the hypothesis that incentives reduced end point

noise by fitting two additional hierarchical regression models.
In the first model, M, loss ratio was included as a predictor for
end point mean but not end point variance. In the second
model, MV, loss ratio was included as a predictor for end
point mean and end point variance. We coded loss ratio using
the linear contrast [−0.5, 0, 0.5] and the end point outcome
was again z-scored. Intercepts on the mean and variance were
allowed to vary by participant in both models.

Computational modeling
We evaluate four computational models against observed

end point data to investigate the strategies that participants
used to plan their movements. The first model was the
Maximum Expected Value model (MEG), which states that
people select aim points that maximize expected value:

μx ¼ arg max P g x;Σjð Þ � g−P l x;Σjð Þ � l þ P g&l x;Σjð Þ � g−lð Þ;
x

ð1Þ

where x is a possible aim point, g is the gain outcome, l is the
loss outcome, and Σ an estimate of their end point variance.
The model assumes that participants use Σ to anticipate the
probabilistic consequences of possible movements (e.g., p(g|
x, Σ), we’ll refer to this as a forward model).

To estimate a forward model for each subject, we
considered a 1D grid of possible aim points from x =
0 to x = 1 by 0.01 (in radius units, where 1 = 8.55
mm). We calculated an end point covariance matrix (Σ)
for each participant using their training data (Phase 1
for Experiment 1) and used these covariance matrices
to simulate 100k end points from bivariate normal dis-
tributions around each possible aim point. We then used
these simulated data to estimate the probabilities of dif-
ferent outcomes (loss, gain, loss+gain, miss) conditioned
on each aim point. We use 2D covariance matrices to
obtain more accurate numerical estimates of the out-
come probabilities associated with different possible
aim points, however all other analyses of means and
variances focus solely on the horizontal dimension.
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The product of the forward model and the values associated
with different outcomes yields a landscape of expected value
over a range of possible aim points. The aim point for the
MEG model is the aim point that maximizes this landscape
of expected value (for a given condition and subject).

The second model that we considered was the Maximum
Expected Loss-Averse Value model (LA). This model the
same as the optimal model, except that the loss values were
multiplied by a measure of the individual’s loss aversion prior
to computing the landscape of expected gain. Note that loss
aversion was not applied to the combinations gains and losses
(i.e., g − l). When loss aversion is greater than one, the model
predicts greater shifts away from origin compared with MEG
in response to increases in the ratio of loss to gain.

The third model that we considered was the Heuristic
Model (H), which was quite different from the other
models. According to this model, participants aim at
the center of the gain circle when the loss is zero and
at the midpoint of the gain-only region at y = 0 when the
loss is greater than zero. This model represents the null
hypothesis that participants follow a simple heuristic
rather than maximizing a value landscape. This model
predicts that participants are sensitive to the presence
and absence of risk, but insensitive to exact payoff
values and insensitive to their own end point variance.
While is at odds with prior research, this strategy is easy
to use, effective, and consistent with several of our par-
ticipants’ verbal reports.

The fourth model that we considered was the Nonlinear
Value model (NLV). This model was similar to MEG, except
the following nonlinear transformation was applied to the
values (Wu et al., 2009):

u vð Þ ¼ − −vð Þα; if v < 0
u vð Þ ¼ vβ; if v > 0
u vð Þ ¼ 0; otherwise:

ð2Þ

MEG and NLV are equivalent when α = 1 and β = 1.
However, NLV predicts larger shifts compared with MEG in
response to increasing loss-ratio when α > 1 (i.e., enhanced
marginal disutility) and smaller shifts when α < 1 (i.e., dimin-
ished marginal disutility). The curvature parameters for this
model were estimated using maximum likelihood estimation
applied to the reaching data.

The fifth model extends NLV by allowing for nonlinear
weighting of probabilities (Wu et al., 2009):

w pð Þ ¼ exp − −logpð Þγð Þ: ð3Þ

The parameter γ allows for under- and overweighting of
small and large probabilities, similar to models in behavioral
economics, such as Prospect Theory.

Finally, we implemented a more flexible heuristic model,
which we refer to as the universal heuristic (UH). When there

is a potential loss, UH aims at the “universally optimal” aim
point (i.e., the aim point that maximizes expected gain on
average across all participants and payoffs); when there is no
potential loss, participants will shift their aim back toward the
center of the target (and closer to the penalty region). The
extent of this shift is estimated from the data. UH captures
the hypothesis that participants follow a strategy that satisfices
rather than optimizes. All models above are sensitive to the
spatial distance between the gain and loss circles. To ensure
that UH is comparable in this respect, we estimate separate
universally optimal aim points for the different spatial
conditions.

Point estimates of α, β, and γ for each participant were
obtained using maximum likelihood estimation with the
gradient-free constrained optimizer BOBYQA (Powell,
2009) via the R package {optimx}. The maximum likelihood
estimates were then used to compute predicted mean end
points for each participant and condition.

Lastly, we considered a variant of the optimal model
wherein the variance estimates (Σ) were obtained from the
test session (rather than from training) and separate variance
estimates were used for each loss-ratio condition.

Bayesian model evaluation
The computational models above predict aim points (i.e.,

end-point means) for each participant and condition. We per-
form an initial assessment of model fitness by comparing the
predicted aim points to observed aim points (see Figs. 2b &
3b). However, we assume that end points are normally distrib-
uted around these means, with variances that vary across in-
dividuals around a group mean variance. We therefore imple-
ment each model as a Bayesian normal-distribution model
with a hierarchical variance and with means determined by
the predictions of the computational model. The distributional
model was specified as follows:

m∼Normal 0; 1ð Þ
s ∼Normal 0; 1ð Þ
σ j∼Normal m; sð Þ
μjk ¼ aim pointjk

yjk∼Normal μjk ;σ j

� �
;

ð4Þ

where j is an individual id, k is a condition id, σ is the end
point standard deviation, m is the group mean for σ, s is the
standard deviation of σ across individuals, μ is the aim point
predicted by the decision model for participant j in condition
k. Finally, y are observed horizontal end points. The
hyperparameters m and s were constrained to have lower
bounds of zero.

We assess the overall predictive accuracy of the models
using Bayesian leave-one-out (LOO) cross-validation esti-
mates of predictive accuracy for new data (Vehtari et al.,
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2017). This estimate of out-of-sample predictive fit is de-
fined as:

LOO ¼ ∑
n

i¼1
logp yijy−ið Þ; ð5Þ

where

p yijy−ið Þ ¼ ∫p yijθð Þp θjy−ið Þdθ ð6Þ

is the predictive density given the data minus the ith point
(a single reach end point). We use this Bayesian LOO estimate
to compute an information criterion deviance score (LOOIC
= − 2 ∗ LOO) for each model and to compare models in terms
of the mean and standard error of their pairwise differences in
LOO (LOOdiff).

We also assessed condition-specific posterior predictive
accuracy of our fitted models using posterior predictive error

Fig. 2 aHorizontal reaching end points by prospective loss-to-gain ratio.
Grey points are individual end points, black dots are condition means.
The x-axis limit was 0 (target center) to 8.55mm (target radius). bOut-of-
sample posterior predictive accuracy for each model. The measure of
predictive accuracy used here is the leave-one-out expected log
predictive density (LOO elpd). c Observed versus predicted horizontal
reaching aim point. We define an aim-point as a mean of end points and
each point shown here represents a pair of predicted and observed aim-
points for a particular participant and condition. For a model with perfect
accuracy, points will fall along the dashed diagonal. d Mean pairwise

posterior predictive error by condition and model. The NLV model had
the smallest error in most conditions. e Utility functions and probability
weighting functions used in the NLVP model. Most participants had
alpha values less than 1, leading to diminished marginal disutility. Most
participants had alpha values less than 1, leading to diminished marginal
disutility. f End-point variance by loss ratio. Grey points denote sample
variance estimates for a particular participant and condition, with grey
lines connecting dots from the same participant. Black points and error
bars represent mean and standard errors over the grey points
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(yobs − ypred). 10k draws from the posterior predictive distribu-
tion of each model represented hypothetical replication
datasets. We computed elementwise prediction errors by
subtracting the posterior mean predicted end points from the
observed end points (see Figs. 2d & 3d). Posterior predictive
checks were performed using the R packages {loo} and
{bayesplot} (Gabry et al., 2019).

Results

Twenty-two healthy human participants performed amodified
version of the incentivized reaching task used in prior work

(see Fig. 1a). This task was modified to increase motivational
pressure by using relatively large incentive values, which we
hypothesized would cause participants to deviate from the
optimal strategy. The task featured varying distances between
the origins of gain and loss circles (8.5 mm or 11.7 mm), and a
wide range of payoff conditions ([−$0, +$1], [−$1, +$1], [−
$3, +$3], [−$5, +$1], [−$15, +$3]). We classify these payoff
conditions based on the loss ratio (0:1, −1:1, −5:1) and the
payoff multiplier (1×, 3×). Task conditions varied trial-wise
and monetary earnings were determined by the participant’s
performance on a set of trials selected at random at the end of
the experiment, the outcomes of which were summed to de-
termine the participant’s total earnings. Participants started

Fig. 3 aHorizontal reaching end points by loss-to-gain ratio. Grey points
are individual end points, black dots are condition means. b Out-of-
sample posterior predictive accuracy for each model. c Observed versus
predicted horizontal reaching aim points. d Mean point-wise posterior
predictive error by condition and model. e Utility functions and
probability-weighting functions used in the NLVP model. Most

participants had alpha values less than 1, leading to diminished
marginal disutility. f End-point variance by loss ratio. Grey points
denote sample variance estimates for a particular participant and
condition, with grey lines connecting dots from the same participant.
Black points and error bars represent mean and standard errors of the
grey points

151Psychon Bull Rev (2022) 29:145–158



with a training session that included hundreds of reaches to a
dot presented at random locations, as well as a few blocks of
practice with each task condition. Participants returned two
days later to perform 10 blocks of 60 trials with opportunities
for monetary gain and loss. We measured participants’ reac-
tion times, movement times, and 2D reach end points. After
the completing the test session, participants performed a sep-
arate economic choice task to assess their trait-level loss aver-
sion (Tom et al., 2007).

Reaching behavior was sensitive to payoff information and
target size

We first asked whether reaching behavior was sensitive to
three variables needed to compute the optimal aim point: the
loss to gain ratio, the distance between loss and gain circles,
and the participant’s movement variance. The optimal strategy
predicts an increase in end point means with increasing loss
ratio, a decrease of end point means with increased space
between the stimuli, and an increase of end point means with
an increase in end point variance. We fit a hierarchical regres-
sion model to examine these effects (see Sensitivity Analysis
in the Methods section).

We found evidence that mean end point increased with
increasing loss ratio, suggesting that our participants aimed
further from the origin when the ratio of loss to gain was high
(M = 3.24mm, SE = 0.11) compared with when it was low (M
= 3.45mm, SE = 0.11;β = 0.06, CI [0.02, 0.10], pd = 1.0). We
also found strong evidence that mean end point decreased
with increased separation distance, suggesting that our partic-
ipants aimed closer to the origin when the separation distance
was large (M = 2.58 mm, SE = 0.12) compared with when it
was small (M = 3.86 mm, SE = 0.10;β = 0.53, CI [0.50, 0.57],
pd = 1.0). We found strong evidence for no effect of payoff
multiplier on reach end point (β = 0.01, CI [−0.02, 0.04], pd =
0.67) and no effect of ranked loss aversion (β = − 0.01,
CI [−0.09, 0.06], pd = 0.6). We found minimal evidence that
end point mean increased with (ranked) end point variance (β
= 0.05, CI [−0.05, 0.15], pd = 0.84). In sum, this analysis re-
vealed that human reaching behavior was sensitive to value
and probability information, but probably not in an optimal
way, given the lack of evidence for a relationship between
mean end point and prior end point variance.

Optimal and suboptimal models of reaching behavior
We fit computational models to end point data to infer

which decision strategies were most likely used. The first
model that we considered has been used in prior work and
we refer to it as the Maximum Expected Gain model, or
MEG for short. This model states that a person selects reach
aim points that maximize expected value by optimally com-
bining perceived value information with an internal estimate
of their movement variance.

We refer to our second model Maximum Expected
Loss-Averse Value model, or LA for short. The only differ-
ence between this model and MEG is that the loss magnitudes

were given outsized weight when computing expected value
in LA. The losses were weighted according to a participant’s
trait-level loss aversion that was measured in a separate choice
task. This model therefore captures the hypothesis that people
make loss-averse sensorimotor decisions.

The third model that we considered is called the heuristic
model, or H, for short. This model states that when there is a
potential loss, people will aim at the midpoint of the gain-only
region at y = 0, otherwise, they will aim at the origin (center of
the target). This represents the (null) hypothesis that people
rely on a cognitively inexpensive heuristic that leads to satis-
factory outcomes.

We implemented three additional models to attempt to
account for the shortcomings of the initial models. The first
of these is a nonlinear value model (NLV) which maximizes
a curved utility function (u(v) = v^a), with curvatures for
gains and losses estimated from the reaching data. The sec-
ond was a nonlinear value and probability model (NLVP),
which in extends NLV by including a subjective probability
weighting function (w(p) = exp(-(-log(p))^g)), with curva-
ture estimated from the data. These models capture the hy-
pothesis that participants’ visuomotor decisions are driven
by a value maximization process, but that the values and
probabilities used may be distorted similar to the distortions
predicted by Prospect Theory. Finally, we implemented a
more flexible heuristic model, which we refer to as the uni-
versal heuristic (UH). When there is a potential loss, UH
aims at a single “universally optimal” aim point (i.e., the
aim point that maximizes expected gain across all partici-
pants and payoffs); when there is no potential loss, partici-
pants will relax their aim back toward the center of the
target, and the extent of this drift is estimated from the data.
UH captures the hypothesis that participants follow a strate-
gy that satisfices rather than optimizes, and allows for indi-
vidual variability in how people deal with the absence of a
potential loss.

Heuristic more likely than optimal
The results from our model-fitting procedure show that ob-

served mean end points systematically diverged from the opti-
mal mean end points predicted by theMEGmodel (see Fig. 2c–
d). When gains outweighed losses (i.e., the zero-loss condi-
tions), people tended to aim farther from the loss region than
predicted by MEG. When losses outweighed gains, people
tended to aim closer to the loss region than predicted by
MEG. Furthermore, held-out data were predicted equally well
by the Hmodel (LOOIC = 6193) and theMEGmodel (LOOIC
= 6222, LOOdiff = − 14.3, sediff = 20.0 ). The LA model clearly
performed the worst (LOOIC = 7202; see Fig. 2b). H had a
slight advantage over MEG when losses outweighed gains
(see Fig. 2d). Predictive error for the optimal model was
greatest in the zero-loss condition, where people consistently
shifted away from the penalty region. These findings suggest
that participants deviated from the optimal strategy.
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We next interrogated whether reaching end points could
still be explained by a value maximization process by com-
paring predictions of the NLV and NLVP model to partici-
pants’ behavior. The NLVP model (LOOIC = 5316)
outperformed both the MEG model ( LOOdiff = − 453, sediff
= 33.0) and the NLV model (LOOIC = 5916, LOOdiff = −
300, sediff = 31.4). However, NLVP still underperformed rel-
ative to the UHmodel (LOOIC = 2712, LOOdiff = − 1302, se-

diff = 68.6). This post-hoc UH model outperformed the H
model (LOOdiff = − 1740, sediff = 77.6), the MEG model
(LOOdiff = − 1755, sediff = 76.0) and the LA model (LOOdiff

= − 2245, sediff = 82.7) (Fig. 2B). This universal heuristic
model was best able to account for participants’ insensitivity
to the magnitude of the losses (and specifically when losses
are not present).

Incentive-motivated noise-reduction
Lastly, we considered the possibility that participants in-

creased their expected gain not only by shifting their aim
points but also by decreasing their movement variance.
Decreasing one’s movement variability leads to a decrease
in the conditional probability of touching the loss region for
aim points in the target region. We tested whether participants
decreased their variance by comparing the relative fit of two
hierarchical regression models: one model, M, in which loss
ratio affected end point mean and another model, MV, in
which loss ratio affected end point mean and end point vari-
ance. We found that the MV model (LOOIC = 3.18 × 104) fit
better than the M model (LOOIC = 3.19 × 104, LOOdiff = −
84.7, sediff = 23.0). End point variance was greater in the
zero-loss conditions (M = 2.74mm2, seM = 0.15) compared
with the −1:1 condition (M = 2.36mm2, seM = 0.11), and low-
est in the −5:1 conditions (M = 2.26mm2, seM = 0.10) (see Fig.
2f). This trend was supported by the MV model which re-
vealed that end point variance decreased with increasing loss
ratio (β = − 0.22, CI = [−0.25, −0.18], pd = 1.0). The model
also showed that end point mean increased with increasing
with loss ratio, consistent with the results above (β = 0.21,
CI = [0.16,0.25], pd = 1.0). Furthermore, we fit an additional
decision model in which aim points were optimally adapted to
condition-specificmovement variance. This model performed
better than the original optimal modelMEG inwhich only aim
point is adapted to a single variance estimate from training
(LOOdiff = − 71.6, sediff = 12.8). These findings suggest an
alternative mechanism by which people increase their expect-
ed gain other than shifting their aim points. This result under-
scores the importance of quantifying the effect of incentives
on movement precision as well as aim point.

Experiment 2

We obtained results in experiment 1 that were inconsistent
with optimal behavior reported in prior work. For this reason,

we sought to replicate our results in a second experiment.
Importantly, the second experiment was a much closer direct
replication of the seminal task used by Trommershäuser et al.
(2003; see the Methods section for details).

Methods

Ethics statement

All procedures were approved by the University of Michigan
Institutional Review Board of Health Sciences and Behavioral
Sciences, and the experiment was carried out in accordance
with the guidelines of this review board.

Participants

Fifteen students from the University of Michigan participated
in Experiment 2. All participants gave written informed con-
sent to participate in the study. All participants were
right-handed and had normal or corrected-to-normal vision.
At the end of the experiment, participants were compensated
at a rate of $10/hour plus performance bonuses and their out-
come from the loss aversion task described below, if applica-
ble. A participant’s base hourly compensation was not affect-
ed by their performance in any task.

Apparatus
Participants sat in an immobile chair in a small room in

front of a 23-in. touch-screen computer monitor, and a key-
board positioned such that the spacebar was 21.5 cm away
from the bottom of the screen. We programmed the reaching
task using OpenSesame (Mathôt et al., 2012) and the loss
aversion task using the PyGame (www.pygame.org)

Reaching task
Participants performed a task similar to the task from

Experiment 1, with modifications to make it more similar to
the original experiments in this area of research
(Trommershäuser et al., 2005; Trommershäuser et al., 2006;
Trommershäuser et al., 2003, 2008). The key differences be-
tween Experiment 1 and Experiment 2 were that the latter had
fewer conditions (3 vs. 10), less frequent variation in condi-
tions (block-wise vs. trial-wise) and involved cumulative bo-
nuses rather than a raffle. These differences should make it
easier for participants to compute and follow the optimal
strategy.

The training session for Experiment 2 consisted of 10
blocks of 30 trials. The movement time limit was infinite in
block one, 850 ms in blocks two through four, and 750 ms in
blocks five through 10. Participants accumulated gains by
touching the green circles (+100 points) and incurred losses
bymoving too slowly (−700 points). The test session occurred
a day later and consisted of 12 blocks of 30 trials. The loss
value varied randomly block-wise between −0, −100, and
−500 points. The movement time limit during the test was
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750 ms and was associated with a −700-point loss. The dis-
tance separating the gain and loss circles was always one
radius, which always equaled 8.5 mm. Accumulated points
were converted to a cash bonus at a rate of 25 cents per
1,000 points.

Loss-aversion task
After the reaching test, participants completed the same

loss aversion task used in Experiment 1. Five participants
had implausible loss aversion estimates, which were revised
to 1.5 to represent a moderate level of loss aversion.

Data analysis
All analyses were almost identical to those used in

Experiment 1, except that multiplier variable and spatial dis-
tance variable were absent since these did not vary in
Experiment 2.

Results

We replicated finding that mean end point increased with
increasing loss ratio (β = 0.98, CI = [0.92,1.04], pd = 1.0,
Fig. 3a) and no evidence for an effect of training variance
(β = 0.05, CI = [−0.06,0.16], pd = 0.84). Unlike in
Experiment 1, here we found evidence of an effect of loss
aversion on reach end point (β = 0.08, CI = [−0.02, 0.19],
pd = 0.95). We again found that mean end points were differ-
ent from origin in the zero-loss condition (β = 0.5, CI =
[0.46,0.54], pd = 1.0, Fig. 3a). These results corroborate our
initial conclusion that movement planning adapts to changing
payoffs, but probably not in an optimal way.

The observed mean end points systematically diverged
from the optimal mean end points predicted by the MEG
model (Fig. 3b). When gains outweighed losses and optimal
aim points were at zero, people again aimed too far from the
loss region (Fig. 3c–d), relative to optimal. When losses
outweighed gains and optimal aim points were far from zero,
people again aimed too close to the loss region (see Fig. 3c–d),
relative to optimal. Held-out data were again more likely un-
der the heuristic model (LOOIC = 4240) than both the optimal
model (LOOIC = 4277, LOOdiff = − 18.9, sediff = 18.8) and
the loss averse model (LOOIC = 4628, LOOdiff = − 435.4, se-

diff = 30.6 ) (see Fig. 3b). The heuristic model showed advan-
tage over the optimal model specifically when losses
outweighed gains.

We again performed exploratory analyses to examine
whether allowing for subject-specific value and/or probability
distortions would better account for reaching behavior.
Although the post-hoc NLV (LOOIC = 4116) and NLVP
models (LOOIC = 3887) outperformed the MEG model
(LOOdiff = − 81.1, sediff = 9.6; LOOdiff = − 196, sediff = 16.0),
these nonlinear optimization models still underperformed rel-
ative to the UH model (LOOdiff = − 205.1, sediff = 27.4;
LOOdiff = − 90.7, sediff = 24.1). The post hoc UH model,

which encapsulates a heuristic strategy that effectively ignores
the magnitude of potential losses when they are present,
(LOOIC = 3705) outperformed the H model ( LOOdiff = −
267.3, sediff = 23.6), the MEG model (LOOdiff = − 286.2, se-

diff = 29.3) and the LA model (LOOdiff = − 702.7, sediff =
36.6) (see Fig. 3b).

Finally, we found additional support for the hypothesis that
incentives decrease end point variability. Again, we found that
the mean + variance regression model (MV) (LOOIC =
13450) fit better than the mean-only model (M) (LOOIC =
13509, LOOdiff = − 29.4, sediff = 8.3). In MV, end point vari-
ance decreased as loss-ratio increased (β = − 0.19, CI =
[−0.24, −0.14], pd = 1.0) and end point mean increased as
loss-ratio increased (β = 0.94, CI = [0.88,1.0], pd = 1.0) (see
Fig. 3f). Furthermore, we again found that a decision model
in which aim points were opt imal ly adapted to
condition-specific movement variance outperformed the orig-
inal optimal MEG, in which aim points were optimally
adapted to variance during training (LOOdiff = − 22.7, sediff
= 7.5).

Discussion

We assessed the optimality of movement planning using a
visually guided reaching task with outcome-contingent gains
and losses. The optimal solution to this task is selecting the
aim point that maximizes expected value given an individual’s
movement variability. We tested whether people make opti-
mal movement decisions by comparing their behavior in two
experiments to qualitative and quantitative predictions of op-
timal and suboptimal computational models. Across both ex-
periments, we found compelling evidence that human behav-
ior deviated systematically from the optimal strategy. People
deviated from optimal in two clear ways: first, they aimed too
close to the loss region when potential losses outweighed po-
tential gains, and second, they aimed too far from the loss
region when potential gains outweighed potential losses. In
both experiments, we found that behavior was best captured
by a suboptimal heuristic strategy whereby participants aim at
a single universal point when there is a potential for losses.
Furthermore, we found that movement precision decreased
when losses outweighed gains, suggesting a mechanism by
which people may increase the expected value of their
reaching movements beyond adjusting their aim points.

According to the optimal model, participants’ use an inter-
nal estimate of their end point variance from training and an
observation of the current incentives to compute the expected
value associated with different possible movements. If partic-
ipants follow this strategy, they will aim further from the loss
region when the loss-to-gain ratio is large (−5:1) compared
with when it is small (−1:1), and participants with large end
point variance will aim further from the loss region than
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participants with small end point variance. Regression analy-
ses showed that participants shifted away from the loss region
when the loss ratio increased, however the people with greater
prior end point variance did not tend to aim further from the
loss region. This finding is inconsistent with the optimal mod-
el as well as prior work showing that people possess accurate
internal estimates of their movement variability and adapt
their movement plans to changes in this variability (Landy
et al., 2012; Trommershäuser et al., 2005; Zhang et al.,
2013). Since our analyses were between-subjects and included
fewer than 30 data points, it is possible that these analysesmay
have been underpowered to detect significant effects of end
point variance on end point mean. Given the prior studies
showing that individuals are sensitive to experimentally in-
duced increases in the variability of their movements in sim-
ilar tasks, our null result should be interpreted with some cau-
tion. Future studies should investigate this relationship using
larger sample sizes adequately powered to detect small indi-
vidual differences.

We devised the heuristic model to test the hypothesis
that participants plan their movements with a simple rule
and without an estimate of their movement variance.
Model-comparisons revealed that held out end point data
were more likely under the heuristic model compared with
the optimal (MEG) model. Importantly, the heuristic
model’s advantage was greatest when losses outweighed
gains. Despite its predictive advantage over the optimal
model, the heuristic model is certainly a caricature of the
actual strategy used by our participants, since participants
did subtly adjust their aim in response to increasing pro-
spective loss ratio (from −1:1 to −5:1). However, the heu-
ristic model was useful because it highlighted that
suboptimality may be due underweighting of loss values
or their own movement variance.

Could this suboptimality simply be described by value
and probability distortions that are often observed in clas-
sical economic decision-making tasks? Prior work has
shown that people are loss-seeking in a motor
decision-making task and this bias was captured using a
model with nonlinear value and probability weighting
functions (Wu et al., 2009). We implemented similar
models here (NLV & NLVP) to investigate whether par-
ticipants were in fact using a value-maximizing strategy
that was suboptimal due to subject-specific nonlinear dis-
tortions of value and probability estimates. These models
outperformed the original models we considered (MEG,
LA, H), providing additional evidence that participants
did not follow the optimal strategy of maximizing expect-
ed gain. However, these nonlinear value maximizing
models still fell short of the universal heuristic (UH) mod-
el, suggesting that participants more likely used a simple
heuristic, which did not require value-maximizing shifts
of aim point.

Prior work has identified various boundary conditions for
the optimality of movement planning. For example, human
performance has been shown to be suboptimal when payoff
conditions vary rapidly (Neyedli & Welsh, 2014), when ex-
pected value landscapes are unintuitive (Wu et al., 2006), and
when the onset of payoff information is delayed
(Trommershäuser 2006). Other work has sought to explain
whymotor decisions appear optimal while cognitive decisions
do not (Jarvstad et al., 2014). However, much of this prior
work assumes that the seminal research using the incentivized
reaching task provides strong evidence for optimal movement
planning. We show that this assumption may be unfounded
and that even the original paradigm (our Experiment 2) elicits
behavior that deviates from optimal and is better described by
a heuristic strategy that is minimally sensitive to the exact
value of the rewards and penalties presented.

We considered the possibility that increasing the order of
magnitude of the loss ratio (e.g., 5:1 to 15:3) may lead to
systematic deviations from optimal, akin to choking under
pressure (Baumeister, 1984). Choking under pressure has
been linked to loss aversion (Chib et al., 2012, 2014), so we
examined the link between an individual’s loss aversion and
their movement behavior. Our participants deviated from the
optimal strategy when losses outweighed gains, but not in in
the way a loss aversion account would predict. We found that
a model incorporating loss aversion provided the worst fit to
behavior. This result confirms the original conclusions from
Trommershäuser and colleagues that suggest that
transforming a classical economic decision-making task into
a sensorimotor decision effectively eliminates the influence of
loss aversion. In fact, models that discounted losses actually fit
our data best. This lends support for the idea that movement
decisions are risk-seeking rather than risk-averse (Wu et al.,
2009). Risk-seeking behavior in prior work was attributed to
participants’ aversion to following the optimal strategy when
it recommended aiming outside the target circles. However,
this is not the case in the experiments presented here, as the
optimal end points for all our participants fell within the re-
ward circle across all conditions. Our participants aimed too
close to the loss circle when losses outweighed gains, suggest-
ing that they heavily discounted loss values regardless of
whether this was due to risk-seeking explicitly or a simple
heuristic strategy.

We found evidence that end point variance decreased with
increasing loss ratio and that the performance of the optimal
model was improvedwhen it allowed for end point variance to
vary with loss ratio. While we could not disambiguate poten-
tial sources of end point variability, a future study could mea-
sure noise in planning using explicit reports of aim points.
Importantly, whether or not incentives facilitated the reduction
of cognitive or motor noise, our result is consistent with the
idea that motivation facilitates the reduction of neural noise
via increased cognitive control (Manohar et al., 2015).
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However, it is clear from our data that participants’ decisions
were suboptimal when losses outweighed gains. Prior work
shows that movement decisions deviate from optimal when
probability information is made explicit, and it has been sug-
gested that this is due to the increased involvement of cogni-
tion in the decision process (Maloney et al., 2007). We spec-
ulate that while cognitive control processes may allow for
decreased movement variance, using this mode of control
may also bias decisions away from optimal aim points com-
puted by the motor system.

An alternative explanation for our participants’ subop-
timal behavior is that the tasks placed participants under
high cognitive load, which led them to adopt a simple
heuristic strategy that diminishes the cost of planning
movements. On this view, optimal behavior depends on
cognitive processes which may have be informationally
overloaded by the task design and demands. In
Experiment 1, time pressure was relatively low (1 s), but
the gain/loss structure had high variance (trial-wise, 10
conditions). It is possible that, in this rapidly changing
environment, our participants were unable to adopt a con-
sistent strategy that approached optimality. In Experiment
2, however, the stimulus had low variance (block-wise, 3
conditions) mimicking the design of the original work
using this task (Trommershäuser et al., 2003). One would
assume that this might lessen the cognitive load in man-
aging the reward contingencies. Consistent with this idea,
the advantage of the UH model was not as pronounced in
Experiment 2. Although the time pressure was higher (750
ms) in the second experiment and could have potentially
added to the cognitive load of the participants, this time
deadline was also identical to that of prior work. Yet this
same t ime pressure did not lead to widespread
suboptimality in prior work. While we find it relatively
unlikely that the suboptimality observed here was due to
cognitive load or time pressure, we cannot completely rule
out this possibility. This explanation would imply that
decision-making in this task depends critically on cogni-
t ive processes, a conclusion with which we are
sympathetic.

In sum, we provide evidence across two experiments that
humans do not make perfectly rational decisions about where
to aim their movements. An optimal agent would integrate an
accurate estimate of their movement variance with value and
spatial information to compute the aim point with maximum
expected value. The optimal agent therefore aims further from
the loss region when its variance increases and when the po-
tential loss ratio increases. However, our participants did not
display these hallmark patterns to the extent that was predicted
by the optimal model. Instead, they seemed to adopt a heuris-
tic strategy in which they globally planned a single aim point
(relative to the overlapping circles) and slightly adjusted when
the prospect of a loss was absent. Although our participants

did not follow the optimal strategy for selecting aim points,
they nonetheless performed quite well in the task, perhaps due
to incentive-motivated boosts to movement precision.
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