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Acute stress has been shown to influence reward sensitivity, feedback learning, and risk-taking during decisionmaking, primarily through activation of the hypothalamic pituitary axis (HPA). However, it is unclear how acute
stress affects decision-making among choices that vary in their degree of uncertainty. To address this question,
we conducted two experiments in which participants repeatedly chose between two options—a high-uncertainty
option that offered highly variable rewards but was advantageous in the long-term, and a low-uncertainty option
that offered smaller yet more consistent rewards. The Socially Evaluated Cold Pressor Task (SECPT) was utilized
to induce acute stress. Participants in Experiment 1 (N = 114) were exposed to either the SECPT or a warmwater control condition and then completed the decision-making under uncertainty task. Compared to the
control condition, those exposed to the acute stress manipulation chose the high-uncertainty option that pro
vided highly variable but larger rewards over the option that provided stable, smaller rewards. Experiment 2
(N = 95) incorporated a salivary cortisol measure. Results replicated the behavioral findings in Experiment 1
and demonstrated that the acute stress manipulation increased salivary cortisol. This work suggests that mod
erate acute stress is associated with tolerance of outcome variability in contexts that depend on learning to
maximize rewards.

1. Introduction
Acute stress has been shown to influence decision-making in un
certain contexts by enhancing reward salience and modulating feed
back learning (Mather & Lighthall, 2012; Porcelli & Delgado, 2017). In
some contexts, acute stress enhances decision-making, while in others,
it is impaired. Because individuals are often faced with situations in
which they need to adapt to unexpected conditions, understanding the
effect of stress on decision-making under uncertainty can have crucial
consequences. For example, healthcare providers must ‘expect the un
expected’—new patients are constantly admitted with undiagnosed
illnesses or unknown medical histories, and patients may often take
unexpected turns in their health. These individuals must make critical
decisions with the limited knowledge available to them. Such situations
are examples of decision-making under uncertainty, or decisions in
which individuals must make choices based on unanticipated variation
in one's environment or incomplete knowledge about the potential
likelihood or outcome of one's choice (Doya, 2008; Hsu et al., 2005;
Platt & Huettel, 2008). While prior research has established that acute
stress influences reward processing during decision-making, it is

⁎

unclear how stress affects decision-making among choices that vary in
their degree of uncertainty. Consequently, the purpose of the present
investigation is to examine how acute stress impacts decision-making
under uncertainty.
To set the stage for our study, we first review work that distin
guishes decision-making from risk versus uncertainty. After clearly
defining what we mean by decision-making under uncertainty we re
view work that has examined the role of acute (as opposed to chronic)
stress in these types of decision-making situations. We next present two
laboratory studies of decision-making in reinforcement-learning (RL)
tasks where participants chose between two options that differed in
reward variance, or uncertainty. We then present a model-based ana
lysis where RL and mixed effects regression models are used to examine
the effects of uncertainty and expected value on decision-making be
havior.
1.1. Characterizing decisions under uncertainty
The knowledge that people have about decision outcomes distin
guishes whether the decision scenario can be defined as ‘decision-
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making under uncertainty’ or ‘decision-making under risk’ (Hertwig
et al., 2004). A risk is a situation in which different alternatives are
associated with different probabilities of an outcome, and the decisionmaker has knowledge of these probabilities and outcomes that they
must choose between (Morgado et al., 2015). Decision-making under
uncertainty, on the other hand, is defined by having limited knowledge
about each alternative's outcomes or probabilities. The decision-maker
must learn about alternatives' outcomes through experience and by
sampling each alternative (Hertwig et al., 2004). Indeed, greater sam
pling provides the decision-maker with more information, which may
serve to reduce the uncertainty surrounding each option. Consequently,
decision-making under uncertainty depends on acquiring knowledge
about decision options from prior feedback.
Decision-making under uncertainty can occur in delayed gratifica
tion decisions that entail choosing between a small-scale, immediately
gratifying option or a larger-scale, but delayed option. In contrast to
classic delay discounting paradigms in which the time delays are
known, a person does not always know whether their choices will be
beneficial in the short- or long-term. Delayed gratification decisions
made under uncertainty have been tested in the laboratory using tasks
such as the Mars Farming Task Mars (Gureckis & Love, 2009; Worthy,
Byrne, & Fields, 2014; Worthy et al., 2012) or Experience-based Prob
abilistic Intertemporal Choice (EPIC) task (Cornwall et al., 2018). In the
Mars Farming Task, individuals must repeatedly choose between two
oxygen extraction systems in order to try to fill a tank with enough
oxygen to sustain life on Mars (Gureckis & Love, 2009; Worthy et al.,
2014; Worthy et al., 2012). The options vary in their immediate and
delayed payoffs. One of the options leads to a smaller increase in
oxygen on each immediate trial but a delayed benefit in long-term
oxygen gains, and the other option involves a benefit in immediate
oxygen gain but a less cumulative oxygen acquired in the long-term.
Individuals are not given any information about short- or long-term
gains of either oxygen system, but instead must learn to maximize
oxygen extraction through experience with each one. Similarly, on the
Experience-based Probabilistic Intertemporal Choice (EPIC) task, in
dividuals must learn from experience when to respond to a stimulus
over several trials (Cornwall et al., 2018). The magnitude and prob
ability of receiving a reward depends on the time that an individual
chooses to take to respond. Quicker responses are associated with a
high probability of a low-magnitude gain, and slower responses pro
duce low-probability, high-magnitude gains. In situations like the ones
presented in these tasks, a person must learn from experience by sam
pling the options and gain information about the outcomes and con
sequences. However, the way that acute stress influences decisionmaking under uncertainty that depends on learning from experience is
relatively underexplored. While stress has been shown to influence
feedback learning (Porcelli & Delgado, 2017), it remains unclear how
acute stress affects experience-dependent decision-making in which one
must decide between options that vary in their level of uncertainty.
The concept of intolerance to uncertainty can be characterized as a
maladaptive cognitive or behavioral reaction to ambiguous situations
(Freeston et al., 1994). For example, intolerance of uncertainty is as
sociated with heightened avoidance behavior during reinforcement
learning and inflexible patterns of behavior and cognitive processing,
including decreased devaluation sensitivity (Flores et al., 2018). Pre
vious work also demonstrates that intolerance to uncertainty can affect
decision-making behavior as individuals may seek options with greater
certainty at the expense of optimizing long-term benefits (Carleton
et al., 2016; Luhmann et al., 2011). Thus, intolerance of uncertainty
may lead to sub-optimal decision-making, but there is limited work
examining how stress affects this relationship. Consequently, in the
present study, we focus on the effect of acute stress on decision-making
under uncertainty.

1.2. The role of acute stress on decision-making under uncertainty
Acute stress is a rapid, short-lived stress that occurs as a direct re
action to a stimulus or demanding situation; this type of stress contrasts
with chronic stress, which is characterized by long-term, maladaptive
physiological response. Acute and chronic stress are associated with
distinctive and often opposite effects on cognition. The focus of this
study is exclusively on the role of acute stress on decision-making.
Substantial evidence suggests that the way acute stress influences de
cision-making under uncertainty depends on a number of factors, in
cluding the intensity of the stressor, the time delay after the initial
stressor, and the type of decision-making task (Morgado et al., 2015;
Schwabe & Wolf, 2014; Starcke & Brand, 2012). Acute stress elicits a
physiological response characterized by activation of the sympathetic
nervous system and hypothalamic-pituitary-adrenal (HPA) axis
(Dickerson & Kemeny, 2004; Starcke & Brand, 2012). HPA axis acti
vation results in cortisol release, which is the key characteristic of the
acute stress response (Sapolsky, 2004). At peak cortisol release which
occurs 15–40 min after initial onset of the stress response, moderate
acute stress tends to increase risk-taking and reward salience during
decision-making but reduces sensitivity to potential losses (e.g., Starcke
& Brand, 2012, 2016).
One mechanism that may account for the effect of acute stress on
decision-making under uncertainty is through the relationship between
cortisol release and information processing. When faced with an un
certain situation, vigilance of one's surroundings tends to increase so
that an individual can take in more information and use that informa
tion to reduce uncertainty. Consistent with the ‘selfish’ brain theory,
acute stress may be adaptive in uncertain situations because stress
fosters increased cerebral energy that is necessary for more effective
information processing (Peters et al., 2017). When a high degree of
uncertainty is registered, vigilance and attention of one's environment
is enhanced (e.g., Aston-Jones et al., 1997; Bouret & Sara, 2004; Yu &
Dayan, 2005) and the HPA axis becomes activated. The HPA axis sti
mulates the release of cortisol, which provides energy for this hypervigilant state and gates learning. Therefore, moderate levels of acute
stress-related cortisol may facilitate learning (Abercrombie et al., 2003;
Luksys & Sandi, 2011; Wolf, 2009) and, by extension, decision-making
that depends on learning. However, recent research suggests that acute
stress can exert differential effects on learning from positive compared
to negative feedback.
The “stress triggers additional reward salience (STARS)” hypothesis
proposes that stress can improve learning from positive feedback but
hinders learning from negative outcomes (Mather & Lighthall, 2012).
Consequently, according to this hypothesis, the effect of stress on de
cision-making can either be positive or negative depending on the de
cision context. In terms of the mechanism for this hypothesis, previous
work has demonstrated that heightened cortisol release, such as in
creased cortisol levels when an individual is exposed to an acute
stressor, is linearly related to striatal and PFC dopamine (Pruessner
et al., 2004). This increased dopamine has opposite effects on learning
from positive versus negative outcomes—improving reward learning,
but impairing avoidance learning (Frank et al., 2004; Frank & O'Reilly,
2006; Lighthall et al., 2013). Decision-making under uncertainty de
pends on learning about decision options from prior feedback; thus, the
way that stress affects learning from positive versus negative feedback
is critical to optimal decision-making in uncertain situations. In line
with this hypothesis, acute stress has been shown to be beneficial in
delayed gratification decision contexts in which outcomes must be
learned from experience. Previous work examined the effect of acute
stress on a task in which participants sampled between an option that
offered small immediate, but large delayed rewards and a second option
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that provided larger rewards on each immediate trial, but yielded
smaller long-term rewards. Acute stress was associated with improve
ment in learning to exploit the choices that gave small immediate, but
larger rewards in the long-term (Byrne et al., 2019). This work suggests
that acute stress modulates one's sensitivity to reward and feedback
learning during decision-making under uncertainty (Porcelli & Delgado,
2017). Acute stress can influence decision-making under uncertainty by
modulating reward-related information processing and reward sensi
tivity. Specifically, cortisol release increases reward salience, which
explains why cortisol is associated with increased learning from re
wards but not punishments (Mather & Lighthall, 2012). Additionally,
theoretical research suggests that prediction errors, or differences be
tween the reward one receives and what one expects, may be encoded
more precisely following acute stress (Peters et al., 2017). However,
empirical research showing that stress can augment encoding from re
ward prediction errors is limited.
Furthermore, prior work indicates that males and females' responses
to acute stress can lead to differences in decision-making. Acute stress
shown has been shown to magnify gender differences in risk-taking on
the Balloon Analog Risk Task (BART), a decision-making task in which
participants must pump balloons to earn rewards, but at some point
unknown to the decision-maker, the balloon will pop and no reward can
be earned on that trial. On the BART, females become more risk averse
following acute stress, while males become more risk-seeking (Lighthall
et al., 2009). Additional research examining the effect of acute stress on
decision-making under uncertainty using the Iowa Gambling Task (IGT)
has shown that moderate stress-induced increases in heart rate are as
sociated with poorer decision-making in males, but more optimal de
cision-making in females (Preston et al., 2007; Van den Bos et al., 2009;
Wemm & Wulfert, 2017). However, other research has observed no
gender differences in males and females on reinforcement learning
following acute stress (Lighthall et al., 2013). Although some of the
gender difference findings on the way stress affects decision-making
may seem conflicting, it should be noted that choices on the BART and
IGT may involve both decision-making under uncertainty and under
risk, depending on the phase of the task. In the initial phases of the
tasks, choices on the BART and IGT indeed reflect decisions under
uncertainty. However, as participants gain experience with choice
outcomes during the task, their decisions become more like choices
under known risk. As this prior work has primarily focused on overall
performance, it is unclear whether these prior gender effects reflect
choices under uncertainty, risk, or both. Moreover, while stress-related
differences between males and females on reinforcement learning have
not been observed, there is strong evidence that the effect of acute
stress on reward processing and decision-making may differ by gender.
It is unclear whether gender may moderate the effect of acute stress on
decision-making situations in which the level of uncertainty between
alternatives differs.
Collectively, previous work demonstrates that stress can enhance
vigilance (Van Marle et al., 2010), reward salience, and learning from
positive feedback (Mather & Lighthall, 2012) in decision-making under
uncertainty. Furthermore, in delayed gratification decisions made
under uncertainty in which the decision-maker must learn about the
option payoffs through experience, moderate acute stress can enhance
maximization of long-term rewards over immediate, small rewards
(Byrne et al., 2019). However, to our knowledge, the research on the
role of stress on decision-making under uncertainty to date has ex
amined decisions that are uncertain in terms of outcome value (positive
or negative), magnitude, or frequency, such as the classic Iowa Gam
bling Task (Bechara et al., 1994) or a variant of the Mars Farming Task
(Byrne et al., 2019). What remains unknown is how stress influences
one's choice between a highly uncertain option and a less uncertain
option. Here we define uncertainty in terms of the variability or range
of outcomes. Thus, an option that offers highly variable outcomes is
considered high in uncertainty.

1.3. Overview of current study and hypotheses
In the present study, participants are placed into either an acute
stress or active control condition and then engage in a two-choice de
cision-making under uncertainty task in which the outcomes must be
acquired from experience. One option (the optimal high-uncertainty
option) offers highly variable reward outcomes, but rewards are larger
in the long-term compared to the second option (the low-uncertainty
option), which offers less variable but smaller reward outcomes on
average. Participants must gain experience with both alternatives in
order to ascertain which of the options maximizes long-term rewards.
Thus, this study examines how acute stress influences decision-making
under uncertainty as a function of reward variability. To distinguish the
effects of rewards, losses, and uncertainty on decision choice between
the stress and control groups, we fit several reinforcement learning and
mixed-effects models to the data. These models compare the extent to
which participants' choices in each condition are affected by expected
value, uncertainty, or loss aversion. Applying these models to the data
allow us to infer the mechanisms—heightened sensitivity to expected
values, loss version, or heightened tolerance of uncertainty—that ex
plain how acute stress affects decision-making under uncertainty.
Acute stress has been shown to enhance maximization of long-term
rewards on a delayed gratification decision-making under uncertainty
task (Byrne et al., 2019). One potential mechanism for this finding may
be that acute stress led to increased tolerance of uncertainty for the
option with smaller immediate, but larger delayed rewards. Applying
the STARS hypothesis to the task in the present study, it is possible that
acute stress may enhance learning of the optimal high-uncertainty op
tion by improving reward learning and impairing avoidance learning as
the optimal high-uncertainty option also provides negative values on
some trials; the low-uncertainty option does not yield any losses.
Building on this prior work, this study will directly test whether the
effect of stress can affect tolerance of uncertainty during decisionmaking.
Additionally, prior research with the Iowa Gambling Task and BART
shows that acute stress affects decision-making differently in males and
females (Lighthall et al., 2009, 2011; Preston et al., 2007; Van den Bos
et al., 2009; Wemm & Wulfert, 2017). However, these tasks involve
both decisions under uncertainty (initial task phase) and risk (latter
task phase). In the present study, participants' initial choices reflect
decision-making under uncertainty, but with learning and experience,
participants can choose the option associated with low- or high-un
certainty. Thus, the task utilized in the present study may be better
suited to isolate gender effects on decision-making under uncertainty.
As a result, secondary analyses will be performed to ascertain whether
gender may moderate the effect of stress on decision-making under
uncertainty. As an exploratory analysis, we also examine whether stress
may affect decision speed.
In this study, we propose two specific hypotheses. First, it is pre
dicted that if acute stress enhances focus on and learning from reward
(Mather & Lighthall, 2012), then under stress, individuals may be
willing to accept greater variability in their decision environment in
pursuit of reward maximization (H1). Second, with regard to gender
differences, we predict that an interaction between acute stress and
gender will be observed in which females may have higher tolerance of
uncertainty (and therefore more optimal decision-making) following
acute stress compared to males (H2).
The results of this study will uniquely elucidate whether moderate
acute stress can enhance tolerance of uncertainty during decisionmaking. Stress is an inevitable human experience, and being able to
effectively process changing outcomes and ambiguous information in
an uncertain environment may lead to better-informed, higher quality
decisions. Therefore, if the hypothesis is supported, the results would
provide evidence for an adaptive function of moderate acute stress in
the context of decision-making under uncertainty.
Below we present two experiments, the second a direct replication
3
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of the first, where participants were placed in either a stress or control
condition, and repeatedly chose between two options that differed in
uncertainty. The task and stress manipulation were identical across
experiments, and we measured cortisol levels through salivary samples
as a manipulation check in Experiment 2.

A

2. Experiment 1
2.1. Method
2.1.1. Participants
A total of 114 undergraduate students completed the decisionmaking task for partial course credit in their introduction to psychology
course. However, three participants' data were excluded because of
problems with the data saving or participants not completing the ex
periment. Sample size determination was based on between-groups
sample sizes used in prior studies that examined the effect of stress on
decision-making performance. Sample sizes in these previous studies
ranged from 40 to 113 total participants (Byrne et al., 2019; Kimura
et al., 2013; Lempert et al., 2012; Lighthall et al., 2009, 2011; Pabst
et al., 2013). Individuals were excluded from study participation if they
were under the age of 18, had major injuries or surgeries to either of
their hands, had any current cuts or minor injuries to their hands, were
currently using drugs or psychoactive medication, or had been diag
nosed with diabetes, blood pressure problems, neurological problems,
cardiovascular problems, or circulatory problems. Data from 111 par
ticipants (67 females, Mage = 19.13, SDage = 1.25) were included in the
analysis. Fifty-six participants (34 females, Mage = 19.09,
SDage = 1.38) were randomly assigned to the stress manipulation
condition, and fifty-five participants (33 females, Mage = 19.16,
SDage = 1.12) were randomly assigned to the control condition. Data
collection for half of the participants was performed at Texas A&M
University, and the other half was collected at Clemson University. All
procedures were approved by both the Texas A&M and Clemson In
stitutional Review Boards.

Option B
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B
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Draw from Deck
Fig. 1. (A) Sample screenshot of the uncertainty-based decision-making task.
Participants chose from one of the two decks (Option A or Option B) shown at
the bottom of the screen. After a participant made a selection, the amount of
points he or she earned on that trial was presented above the deck and was
added to the cumulative (“Your Points”) total. The participant was then
prompted to make another decision between the two options. (B) Reward
structure for each option in the uncertainty-based decision-making task. Option
1 (black markers) denote the high-uncertainty option, and Option 2 (gray
markers) show the low-uncertainty option.

2.1.2. Materials and design
2.1.2.1. Socially Evaluated Cold Pressor Task (SECPT). The socially
evaluated cold pressor was utilized to elicit a moderate acute stress
response by activating the sympathetic nervous system and increasing
hypothalamus-pituitary-adrenal (HPA) axis reactivity (Schwabe et al.,
2008). At peak cortisol, the SECPT has been shown to elicit a stronger
cortisol response compared to the cold pressor task or warm water
control conditions, suggesting that the SECPT elicits a moderate acute
stress response (Schwabe et al., 2008). This increase in cortisol from the
SECPT has been validated in both adult (Schwabe & Schächinger, 2018)
and adolescent populations (Kuhlman et al., 2015). Individuals
submerged their right hand in ice water (0 °C) while staring into a
camera.
Participants were informed that the video footage would later be
analyzed for facial expressions. Participants were asked to try to keep
their hand submerged in the water for as long as possible to a maximum
of 3 min, but that they could remove their hand at their discretion
(Schwabe et al., 2008). Individuals in the control condition were asked
to place their right hand into a bowl of lukewarm water for 3 min with
the camera manipulation.

25 points, but the points that could be earned on each trial ranged from
−35 points to 105 points (Fig. 1). Thus, the low-uncertainty option
provided smaller rewards in the long-run (M = 15 points) but the
rewards varied less (SD = 5.25). The other option (the high-uncertainty
option) provided larger rewards in the long-run (M = 25 points) but
had greater variability around the mean rewards (SD = 26.35).
The values for each option were constructed by randomly sampling
100 values from a Gaussian distribution with the a mean equal to 15
and a standard deviation of 5 for the low-uncertainty option, and ran
domly sampling 100 values with a mean equal to 25 and a standard
deviation equal to 25 for the high-uncertainty option. Reward outcomes
were pseudo-randomized once at the study outset, rather than being
pseudo-randomized for individual participants. Consequently, each
participant received the same reward structure, shown in Fig. 1B, and
the exact reward outcomes given were based on the draw number. The
exact values selected from this distribution are available at: https://osf.
io/zg4jd/.
The amount of points given on every individual trial ranged from
−35 points to +105 points. Thus, the high-uncertainty option offered
10 points more on average across the task but had approximately five
times the amount of variability compared to the low-uncertainty op
tion. The primary dependent variable for the analyses we present below
is the proportion of trials that participants chose the advantageous,
high-uncertainty option across the task.

2.1.2.2. Uncertainty-based decision-making task. Participants completed
a two-choice experience-based decision-making task. One option
provided larger rewards in the long-run but had greater variability
around the mean rewards (the high-uncertainty option). The other
option provided smaller rewards in the long-term but the rewards
varied less (the low-uncertainty option). For example, the average
reward that this low-uncertainty option offered was 15 points but the
amount of points given on every trial only ranged from 5 points to 30
points. In contrast, the high-uncertainty option provided an average of
4
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2.1.3. Procedure
Participants were instructed to avoid intense exercise, eating, and
drinking beverages besides water in the hour before the study. After
providing written informed consent, participants first completed the
SECPT or control manipulation, depending on condition, which lasted
3 min. Then, all individuals in both conditions were instructed to sit
and wait quietly for 10 min to allow time for cortisol levels to peak.
Finally, participants were given instructions for the decision-making
task and completed 100 trials of the task.
Task instructions informed participants that the purpose of the
study was to determine how people use information to make decisions.
Participants were asked to repeatedly select from one of two decks of
cards and told that they would gain or lose a certain number of points
on each draw. Thus, all decisions involved hypothetical choices, rather
than a real monetary outcome. All participants were informed that their
goal was to try to earn as many points as possible and were given a
specific goal of trying to earn at least 2400 points by the end of the
experiment. If participants chose the high-uncertainty option for all
trials, then they would earn approximately 2700 points, and if they
chose the low-uncertainty option for all trials, then they would earn
approximately 1600 points. Therefore, the goal of 2400 points corre
sponded to choosing the high-uncertainty option on approximately 80%
of all trials. Additionally, participants were informed that if they gained
points, then they would be shown in black, and if they lost points, then
they would be shown in red and indicated by a negative sign.
Participants were instructed to use the ‘z’ key if they wanted to select
the deck on the left ‘?/’ key to select the deck on the right. Each time
participants drew a card from the left or right deck, the card they picked
was turned over, and the number of points they gained or lost was
displayed. All participants completed the experiment on Windowsbased computers using Matlab Psychtoolbox version 2.54. The task was
self-paced, and participants were not informed about the number of
trials in the task. Participants took 12–20 min to complete all trials of
the task.

2.2. Results
2.2.1. Effect of stress on decision-making under uncertainty
A 2 (Condition: Stress vs. Control) × 4 (25-Trial Block) mixed
ANOVA was performed to examine the effect of acute stress on decisionmaking performance over time. The results are shown in Fig. 2. Results
indicated a main effect of Condition such that those in the stress con
dition selected the high-uncertainty (M = 0.42, SD = 0.25) option
significantly more often than participants in the control condition
(M = 0.30, SD = 0.25; F(3, 327) = 6.954, p = .010, η2p = 0.060,
BF10 = 4.31). The main effect of Trial Block also significantly predicted
decision choice such that individuals tended to choose the high-un
certainty option more over time, F(3, 327) = 21.182, p < .001,
η2p = 0.163. Follow-up comparisons showed that participants selected
the high-uncertainty option significantly more between Blocks 2 and 3
(p < .001). The difference between Blocks 1 and 2 was marginally
significant (p = .053), and the difference between Blocks 3 and 4 was
not significant (p = .660), which suggests that participants' experience
with the task led them to increasingly select the high-uncertainty option
and that the bulk of learning primarily occurred mid-task. The Condi
tion × Trial Block interaction was non-significant, p = .771.
As a supplemental analysis, a one-sample t-test was conducted to
determine whether participants had a tendency to choose the highuncertainty option more or less than chance (0.50) in the first block of
25 trials. Results indicated that participants in both the stress (t
(55) = −5.784, p < .001) and control (t(54) = −10.192, p < .001)
conditions selected the high-uncertainty option significantly less often
than chance. This finding suggests that participants' decision-making
behavior reflected an overall bias toward the low-uncertainty option
and an initial aversion to higher uncertainty.
2.2.2. Gender analysis
Next, we examined the effect of gender by performing a 2 (Gender:
Females vs. Males) × 2 (Condition: Stress vs. Control) ANOVA with the
proportion of high-uncertainty choices as the outcome variable. The
results revealed a main effect of Gender in which males (M = 0.42,
SD = 0.24) selected the high-uncertainty option more than females
overall (M = 0.32, SD = 0.25), F(1, 107) = 4.312, p = .040,
η2p = 0.039. A main effect of Condition was also observed showing that
those in the stress condition chose the high-uncertainty option more
than those in the control condition (F(1, 107) = 6.763, p = .011,

2.1.4. Data analysis
To test the hypothesis that participants in stress condition choose
more high-uncertainty options during the decision-making task com
pared to the those in the control condition, we conducted a mixed
ANOVA. The between-subjects variable was Condition (Stress vs.
Control), and the within-subjects variables were each 25-Trial Block. In
line with previous work using similar decision-making tasks like the
Iowa Gambling Task (e.g., Bechara et al., 1994; Bechara et al., 2000) or
Mars Farming Task (e.g. Byrne et al., 2019; Gureckis & Love, 2009;
Worthy et al., 2011), the data was analyzed in blocks of 25-trials to
assess changes in decision-making behavior over the course of the task.
This approach allows for examining how experience with each of the
alternatives affects choice behavior over time. JASP software (jaspstats.org) was used to conduct both frequentist and Bayesian hypothesis
tests. Both the p-value from the frequentist test and the Bayes factor
(BF) value are reported for the primary analyses.
For the Bayes tests, the default priors in JASP were utilized for each
of the Bayesian tests. Bayes factors represent the odds supporting the
alternative hypothesis over the null hypothesis, given the data. A Bayes
factor equal to one suggests equal support for the null and alternative
hypothesis. BF values ranging from 3 to 10 provide moderate evidence
supporting the alternative hypothesis over the null, while values of
10–30 provide strong evidence, and values over 30 suggest that there is
very strong evidence (Jeffreys, 1961). We included the Bayes factor to
provide an index of the strength of results and to test the likelihood that
the findings can be supported over the null. Moreover, one advantage of
including Bayesian hypothesis tests is that the conclusions are often
more conservative than those from frequentists tests using an alpha
level of 0.05. All data from this study are available on the Open Science
Framework: https://osf.io/zg4jd/.

Fig. 2. The proportion of optimal, high-uncertainty choices on the decisionmaking task in the stress versus control condition of Experiment 1. Error bars
represent standard error of the mean.
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η2p = 0.059). The interaction between Condition and Gender, however,
was non-significant (p = .92).

prediction error, and it is modulated by the learning rate parameter
(0 ≤ α ≤ 1). Higher values of α indicate greater weight to recent
outcomes, while lower values indicate less weight to recent outcomes.
When α = 0 no learning takes place and expected values remain at their
starting points, and when α = 1 expected values are equal to the last
outcome received for each option.
The predicted probability that option j will be chosen on trial t, P|Cj
(t)| is calculated using a softmax rule:

2.2.3. Exploratory analysis on response time
In an exploratory analysis, a similar mixed ANOVA analysis on
average response times across each block (measured in ms). The 2
(Condition: Stress vs. Control) × 4 (25-Trial Block) ANOVA predicting
average response time showed a main effect of Trial Block, F(3,
327) = 40.139, p < .001, η2p = 0.269. Participants responded sig
nificantly faster in Block 2 (M = 497 ms, SD = 235), Block 3
(M = 482 ms, SD = 256), and 4 (M = 476 ms, SD = 348) compared to
the first block of trials (M = 754 ms, SD = 356), ps < 0.001.
However, the Condition × Trial Block interaction (p = .15) and main
effect of Condition (p = .753) did not significantly predict response
times on the task.
We also ran a similar mixed ANOVA with block as a within-subjects
factor and gender as a between subjects factor. The interaction between
Block and Gender was not significant, F(3, 327) = 0.291, p = .832,
η2p = 0.003, and there was no main effect of Gender, F(1, 109) = 0.943,
p = .334, η2p = 0.002. Additionally, we tested for a three way,
Block × Condition × Gender interaction, but it was not significant, F
(3, 321) = 0.769, p = .512, η2p = 0.007. The Condition × Gender
interaction was also non-significant, F(1, 107) = 0.610, p = .436,
η2p = 0.006.

P |Cj (t )| =

EVj (t )

UVj (t + 1) = UVj (t ) +

(2)

[(r (t )

EVj (t ))2

UVj (t )] I j

(3)

This method of tracking variance, noise, or uncertainty is identical
to the model used by Cooper and colleagues (Cooper et al., 2014), and
similar to other approaches to adding variance to RL models (Doll et al.,
2009; Nassar et al., 2010). This method also allows uncertainty to be
recency weighted, like expected value. In the present paper the highuncertainty option will tend to have larger magnitude prediction errors
than the low-uncertainty option. The value (V) for each j option is taken
as a combination of expected value and uncertainty:

Vj (t ) = EVj (t ) + wU

UVj (t )

(4)

Taking the square root of uncertainty gives the recency weighted
standard deviation in rewards provided by each option. In our model
fits wU was a free parameter than ranged from −5 to 5. Negative values
indicate an aversion toward options with high uncertainty, while po
sitive values indicate a preference for options high in uncertainty. When
wU equals zero the model is identical to the basic Delta rule model that
is nested within the Delta-U model. These values for each option are
then entered into the Softmax rule from Eq. (2) in the place of expected
values.
We also fit the data with a Delta model that included a loss aversion
parameter (Delta-LA). Loss aversion parameters are very common in
models of gambling tasks (Busemeyer & Stout, 2002; Yechiam &
Busemeyer, 2005; Ahn et al., 2008). Here the utility on trial t was a
function of reward (r(t)) and scaled by a loss aversion parameter

u (t ) =

r (t ) if r (t ) 0
r (t ) if r (t ) < 0

(5)

The loss aversion parameter, λ, was bounded between 0 and 5 with
values greater than one indicating greater weight to losses than gains,
and values less than one indicating greater weight to gains than losses.
These utilities values were then entered into Eq. (1) above in the place
of the reward value, r(t). Then, the probability of selecting each option
was determined by the Softmax rule from Eq. (1). The Delta-LA is
identical to the basic Delta model when λ = 1. Thus, the two models
are nested.
Finally, we also fit a model with both loss aversion and uncertainty
parameters, the Delta-ULA model. This model incorporated the un
certainty and loss aversion parameters as described in the Equations
above. The full, four-parameter model was an extension of the simpler
three and two-parameter models and the simpler models were nested
within as special cases of the more complex model. Using this

2.3.1. Reinforcement-learning modeling
The basic reinforcement learning (RL) model we used was a twoparameter Delta rule model (Rescorla & Wagner, 1972; Widrow & Hoff,
1960; Williams, 1992). This model updates expected values (EV) based
on prediction error, that is, the difference between what was expected
and what was received on a given trial. Expected values in the delta rule
model are calculated as:

EVj (t )) I j

e

where β = 3 − 1 (0 ≤ c ≤ 5), and c is a log inverse temperature
parameter that determines how consistently the option with the higher
expected value is selected (Yechiam & Ert, 2007). When c = 0 choices
are random, and as c increases the option with the highest expected
value is selected most often. Defining β in this way allows it to take on a
very large range of values (0–242).
The Delta with Uncertainty (Delta-U) model also updated expected
values from Eq. (1). In addition to expected value, the model also
tracked the uncertainty around the expected value for each option. The
Delta-U model updates uncertainty values (UV) for each option as the
recency-weighted squared prediction error:

In the decision-making task, the high uncertainty option also has a
higher expected value and reward magnitude than the low-uncertainty
option. Therefore, one remaining question is where acute stress is truly
enhancing tolerance of uncertainty, or if instead, acute stress enhances
people's determination of expected values or decreases their sensitivity
to losses. To disambiguate these possibilities, we fit several reinforce
ment learning models to the data, and then use the best-fitting model
parameters to perform mixed-effects models that determine whether
participants would ‘stay’ or ‘switch’ on each trial. These additional
analyses allowed for determining whether sensitivity to previous re
ward, expected value, or uncertainty differed between those in the
control and stress conditions.
To examine these alternative explanations for why participants in
the stress condition performed better than participants in the control
condition we first fit four reinforcement-learning (RL) models to the
data. These models were a set of nested models that included a basic
model, as well as models that accounted for sensitivity to uncertainty,
and sensitivity to losses. The final, most complex model included
parameters that accounted for both sensitivity to uncertainty and losses.
We then used the parameters for the best-fitting model to compute triallevel regressors for expected value, previous reward, and uncertainty.
These three regressors were used to predict whether participants would
‘stay’ by picking the same option they picked on the previous trial, or
switch, by picking the other option. We examined the interactions be
tween each of these three regressors with condition to determine if
participants in the control versus stress condition differed in their
sensitivity to previous reward, expected value, or uncertainty.

(r (t )

EVj (t )

c

2.3. Theoretical analysis

EVj (t + 1) = EVj (t ) +

e
N (j )
1

(1)

The Ij term equals 1 if the option is selected on trial t, and zero
otherwise. The portion of Eq. (1) in parentheses is known as the
6
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Table 1
Model comparison results.

Table 2
Average best-fitting model parameters by Condition.

Experiment

Condition

Model

BIC

BIC-WT

AIC

AIC-WT

1

Control

Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA

94.25
88.88
94.73
92.18
103.68
102.34
104.73
105.26
97.98
90.29
97.78
93.86
103.30
98.55
104.16
101.83

0.43
0.36
0.14
0.07
0.47
0.28
0.13
0.11
0.37
0.43
0.09
0.10
0.42
0.35
0.15
0.08

89.06
81.10
86.95
81.79
98.49
94.56
96.94
94.89
92.79
82.50
89.99
83.48
98.10
90.77
96.38
91.45

0.23
0.36
0.18
0.24
0.24
0.32
0.18
0.26
0.18
0.42
0.13
0.27
0.21
0.35
0.20
0.25

1

2

2

Stress

Control

Stress

Experiment

1

1

2

2

Note. Average BIC and AIC values for each model for participants in each
condition of Experiments 1 and 2. The models compared were a Delta rule only
model, Delta model with an Uncertainty parameter (Delta-U), Delta model with
a loss aversion parameter (Delta-LA), and a Delta model with both an un
certainty and loss aversion parameter (Delta-ULA). Bolded values indicate the
model with the lowest AIC and BIC, and thus the best fit to the data, in each
experimetnal condition. The Delta-U model had the lowest average AIC and BIC
values within each condition and across both experiments and is therefore the
best-fitting model.

exp

{

1
(BICM
2

BICMin)

}

Control

Stress

Control

Stress

Model

Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA

Best fitting parameters
c

α

0.77
0.75
0.80
0.96
0.95
0.67
0.94
0.70
0.37
0.72
0.56
0.76
0.52
0.51
0.49
0.55

0.56
0.50
0.48
0.54
0.55
0.56
0.42
0.53
0.67
0.57
0.54
0.57
0.53
0.51
0.46
0.54

wU
−0.24
−0.33
0.03
0.21
−0.83
−0.77
−0.34
−0.28

λ

2.77
2.26
2.33
2.52
3.43
2.10
2.83
2.43

Note. Average best-fitting model parameters each model for participants in each
condition of Experiments 1 and 2. The models compared were a Delta rule only
model, Delta model with an Uncertainty parameter (Delta-U), Delta model with
a loss aversion parameter (Delta-LA), and a Delta model with both an un
certainty and loss aversion parameter (Delta-ULA).

(204) = 0.804, p = .422, recency, t(204) = −0.14, p = .888, or un
certainty-weight parameters, t(204) = −1.288, p = .199. However,
the uncertainty-weight parameters were higher for participants in the
stress conditions, indicating less aversion to uncertainty, although this
effect did not reach significance.
The best-fitting model parameters, split by gender, are shown in the
top half of Table 3. Similar to the results for condition, for the Delta-U
model, we did not observe any significant differences between condi
tions for the inverse temperature parameter, t(204) = −1.090,
p = .277, recency, t(204) = −0.155, p = .877, or uncertainty-weight
parameters, t(204) = 0.420, p = .675.

procedure allowed us to examine whether adding parameters for un
certainty or loss aversion led to an improvement in fit over the basic
model.
Each model was fit individually to each participant's data by max
imizing the log-likelihood of the next-step ahead predictions for each
trial. We then used Bayesian Information Criterion (BIC; Schwarz,
1978) to compare the model fits. BIC penalizes models with additional
free parameters, and lower values indicate a better fit of the model to
the data. Table 1 shows the average BIC and AIC for participants in each
condition. As can be seen from the table the Delta-U model had the
lowest average BIC value within each condition. However, we also
computed BIC-weights for each model (Wagenmakers & Farrell, 2004).
BIC-weights are computed by taking the best-fitting model for each
participant and subtracting its BIC from the best fitting BIC among the
four models fit to the data. These BIC differences are then transformed
into relative likelihoods for each model:

L (Mi | data)

Condition

2.3.2. Mixed-effects modeling
While there were no significant differences in RL model parameters
between conditions, applying the RL models allowed for determining
Table 3
Average best-fitting model parameters by Gender.
Experiment

(6)

Here BICmin is the BIC for the best fitting model for each participant.
The relative likelihoods for each model are then normalized by dividing
the likelihood for each model by the sum of the likelihoods for all
models. This yields BIC weights. The average BIC weights for partici
pants in each condition are shown in the second column of Table 1.
Interestingly, BIC weights for the basic Delta model were slightly higher
than weights for the Delta-U model. Although BIC values were lowest
on average for the Delta-U model, a substantial portion of participants'
data were well explained by the basic Delta model.
We compared the models using Akaike's Information Criterion (AIC;
Akaike, 1974). BIC is more conservative than AIC because it penalizes
additional free parameters more harshly. A model comparison using
AIC will tend to favor more complex models more than a comparison
using BIC. According the AIC the Delta-U models is the best-fitting
model in each condition. Also of note is that the Delta-ULA appears to
fit many participants' data the best, according to AIC.
The best-fitting model parameters are shown in the top half of
Table 2. For the Delta-U model, we did not observe any significant
differences between conditions for the inverse temperature parameter, t

1

1

2

2

Condition

Female

Male

Female

Male

Model

Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA
Delta
Delta-U
Delta-LA
Delta-ULA

Best fitting parameters
c

α

1.08
0.63
1.01
0.76
0.52
0.83
0.67
0.93
0.49
0.55
0.44
0.59
0.36
0.74
0.69
0.77

0.56
0.52
0.48
0.51
0.53
0.55
0.50
0.57
0.59
0.56
0.50
0.54
0.63
0.51
0.50
0.57

wU
0.02
−0.03
−0.29
−0.12
−0.59
−0.64
−0.56
−0.30

λ

2.48
2.41
2.67
2.36
3.21
2.30
2.95
2.30

Note. Average best-fitting model parameters each model for participants in each
condition of Experiments 1 and 2. The models compared were a Delta rule only
model, Delta model with an Uncertainty parameter (Delta-U), Delta model with
a loss aversion parameter (Delta-LA), and a Delta model with both an un
certainty and loss aversion parameter (Delta-ULA).
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The estimated population-level (fixed effects) results are listed in
the top half of Table 4. The interaction between UncDiff and Condition
had an estimated effect whose 95% CI did not include zero, while the
effects for the other two interactions between condition had 95% CIs
that did include zero. As can be seen from the lower order coefficient
for UncDiff, the effect of UncDiff on Stay Probability was negative for
the control condition, who were the reference group in the model, and
the 95% CI did not include zero. This indicates that when EVDiff and
PrvRwd equaled zero participants in the control condition tended to be
less likely to stay if the option they had just selected had more un
certainty, or variance, associated with it than the alternative choice.
The interaction term coefficient for the UncDiff × Condition interaction
was positive, with a 95% CI that did not include zero. This means that
the effect for UncDiff was closer to zero, or less negative, for partici
pants in the stress condition, indicating that they were more likely to
stay with options that had more uncertainty associated with them than
the alternative.
Fig. 3 plots the regression slopes for the three interaction effects
tested in our model. The interactions between condition and previous
reward (A) and condition and expected value difference (B) were not
different from zero. The interaction between condition and uncertainty
difference, plotted in Fig. 3C, shows that participants in the control
condition were more responsive to uncertainty; they were more likely
to stay with options lower in uncertainty and more likely to switch after
selecting an option high in uncertainty.
As an exploratory analysis, we fit the same mixed effects model to
the first 25 trials of participants' data. As shown by the learning curves
in Fig. 2 above, participants in the stress condition selected the better
option more often even during the first block, while control participants
quickly developed a bias toward selecting the low-uncertainty option.
The goal of this exploratory analysis was to examine whether the better
early performance for participants in the stress condition was due to
aversion to uncertainty or to previous reward or expected value. The
coefficients from this model are shown in the bottom half of Table 4.
The results are consistent with the model presented above that was fit
on all trials. During the first block there was a significant interaction
between condition and uncertainty difference, but the interactions for
previous reward and expected value with condition were non-sig
nificant.
We also ran the same model to test for effects of gender. These re
sults are shown in Table 5. As shown in the table, there were no twoway interactions between gender and previous reward, expected value,
or uncertainty. We also ran a model where we tested three-way inter
actions between condition, gender, and our three model-based re
gressors, previous reward, expected value, and uncertainty difference;
however, none of those three-way interactions were significantly dif
ferent from zero. We will examine effects of gender again in Experiment
2 and in the combined analyses from both studies presented below.

which model best accounted for choices in the decision-making task.
Because the Delta-U model—the RL model that included an uncertainty
parameter—provided the best fit to the data in both the stress and
control conditions, we next used the average best-fitting parameters
from the Delta-U model to generate trial-level predictors in a mixedeffects model. Specifically, the average best-fitting parameters from the
Delta-U model were used to compute expected values and uncertainty
values for each option on each trial, given each participants' previous
choices and observed outcomes. This procedure is identical to how
regressors are computed for model-based fMRI analysis and used to
predict brain activation (O'Doherty et al., 2007; Worthy et al., 2016);
however, in this case the mixed effects model predicted when partici
pants would ‘stay’ or ‘switch’ on each trial.
For all trials except the first, we used the Delta-U model and par
ticipants' past choices and outcomes to compute the difference in ex
pected value (EVDiff) between the option chosen on the past trial and
the non-chosen option. We also computed the difference in uncertainty
(UncDiff) between the option chosen on the last trial and the nonchosen option. These values were computed at the time of the past
choice before updating for the next trial. Positive UncDiff values in
dicate greater uncertainty (or variance) in rewards for the chosen than
the unchosen option. We also used the reward given on the past trial
(PrevRwd) as a predictor in the model. These three regressors were used
to predict whether participants would stay with the same option on the
next trial. Stay was coded as 1 for stay and 0 for switch.
We used R's brms package (Buerkner, 2017) to fit the mixed effects
regression model in a Bayesian framework using. For each of the three
predictors noted above we included an interaction term with condition,
as well as random slopes for each predictor for each participant. The
full model syntax is given in Table 3 below. The brms package does not
provide p-values to determine if a parameter is “significantly” different
from zero; however, it does yield the lower and upper bounds for the
95% credible interval (CI), or the bounds for the 95% most likely
parameter values. We examined the estimate for each two-way inter
action and determined it to be significantly, or likely different from zero
if zero was not included in the 95% CI.
Table 4
Coefficients for model predicting stay or switch.
Data

Exp.1
All
Trials

Exp. 1
First
25
Trials

Effect

Intercept
PrvRwd
Condition
EVDiff
UncDiff
PrevRwd × Condition
EVDiff × Condition
UncDiff × Condition
Intercept
PrvRwd
Condition
EVDiff
UncDiff
PrevRwd × Condition
EVDiff × Condition
UncDiff × Condition

Population-level effects
Estimate

Est. error

l-95% CI

u-95% CI

0.0773
0.0428
−0.0026
0.0468
−0.0247
−0.0118
−0.0156
0.0128
0.0298
0.0367
−0.0556
0.0363
−0.0272
−0.0017
−0.0097
0.0128

0.1538
0.0063
0.1987
0.0058
0.0049
0.0073
0.0075
0.0048
0.1564
0.0078
0.1777
0.0053
0.0041
0.0086
0.0066
0.0048

−0.2300
0.0310a
−0.3941
0.0360a
−0.0348a
−0.0262
−0.0304
0.0035a
−0.2897
0.0224a
−0.4057
0.0266a
−0.0354a
−0.0292
−0.0225
0.0035a

0.3700
0.0556a
0.3844
0.0584a
−0.0155a
0.0023
0.0003
0.0225a
0.3240
0.0537a
0.2994
0.0471a
−0.0195a
0.0043
0.0029
0.0225a

2.4. Discussion
This primary finding of Experiment 1 shows that those in the acute
stress condition selected more high-uncertainty options than those in
the control condition. This result supports our initial hypothesis (H1)
that acute stress may enhance tolerance of uncertainty in decisionmaking contexts when one must maximize reward by learning from
positive feedback. Following acute stress, individuals selected the highuncertainty option that yielded larger cumulative rewards more fre
quently than those in the control condition. Moreover, reinforcement
learning model analyses demonstrated that those in the stress condition
were more likely to stay with options that had greater uncertainty as
sociated with them than the alternative, but no differences in stay be
havior for expected value or prior reward was observed between con
ditions. This result suggests that when there is a trade-off between
choice variability and high-magnitude rewards, acute stress shifts the
balance so that individuals can tolerate more uncertainty in order to

Note. Results of the mixed effects regression model predicting Stay behavior for
Experiments 1 and 2. PrevRwd refers to the reward given on the preceding trial.
EVDiff refers to the difference in expected value between the option chosen on
the preceding trial and the non-chosen option, and UncDiff indicates the dif
ference in uncertainty between the option chosen on the last trial and the nonchosen option.
a
Indicates CI does not include zero. Stay was coded as 1 and Switch was
coded as 0. Full model syntax is: brm(StayProbability ~ PrvRwd
∗ Condition + EVDiff ∗ Condition + UncDiff ∗ Condition + (1 +
PrvRwd + EVDiff + UncDiff | subnum), data = data(Exp), family = “bernoulli”).
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Fig. 3. Best fitting regression slopes fit to data from Experiment 1. Plots show interactions between Condition and (A) reward given on the preceding trial (PrvRwd),
(B) the difference in expected value between the option chosen on the preceding trial and the non-chosen option (EVDiff), and (C) the difference in uncertainty
between the option chosen on the last trial and the non-chosen option (UncDiff).

achieve greater benefits. In this case, this leads to better decisionmaking performance.
Additionally, gender analyses showed that males selected more
high-uncertainty options than females overall across both conditions,
but there were no gender differences between the stress and control
conditions. This result is not in line with our original prediction in
which it was expected that stressed females would exhibit higher tol
erance of uncertainty compared to stressed males (H2). Instead, it
provides preliminary evidence that males choose to tolerate greater
levels of uncertainty in pursuit of larger cumulative rewards. In contrast
to the gender differences observed in this study, no differences in re
sponse time were observed between the stress and control conditions.
While Experiment 1 provides preliminary behavioral evidence that
acute stress enhances tolerance of uncertainty during reward-based
decision-making, some limitations should be noted. First, a manipula
tion check to determine whether the stress induction indeed elicited a
stress response was not incorporated in the study design. Prior work has
shown that the SECPT activates the HPA axis; nevertheless, we cannot
definitively conclude that the SECPT resulted in activation of the HPA
axis from this study. Consequently, in Experiment 2, cortisol measures
were included to determine whether activation of the HPA axis provides
a physiological mechanism to account for the results of Experiment 1.
Furthermore, conducting a second replication study allowed for

Table 5
Coefficients for model predicting stay or switch.
Stay was coded as 1 and Switch was coded as 0. Full model syntax is: brm
(StayProbability ~ PrvRwd ∗ Gender + EVDiff ∗ Gender + UncDiff ∗ Gender + (1
+ PrvRwd + EVDiff + UncDiff | subnum), data = data(Exp), family = “bernoulli”).
Exp

1

Effect

Intercept
PrvRwd
Gender
EVDiff
UncDiff
PrevRwd × Gender
EVDiff × Gender
UncDiff × Gender

Population-level effects
Estimate

Est. error

l-95% CI

u-95% CI

0.1413
0.0385
−0.0262
0.0417
−0.0201
−0.0068
−0.0120
0.0099

0.1368
0.0052
0.1988
0.0048
0.0041
0.0072
0.0071
0.0062

−0.1314
0.0290a
−0.4373
0.0326a
−0.0283a
−0.0206
−0.0261
−0.0020

0.4069
0.0490a
0.3493
0.0517a
−0.0121a
0.0069
0.0022
0.0217

Note. Results of the mixed effects regression model predicting Stay behavior for
Experiment 1. PrevRwd refers to the reward given on the preceding trial. EVDiff
refers to the difference in expected value between the option chosen on the pre
ceding trial and the non-chosen option, and UncDiff indicates the difference in
uncertainty between the option chosen on the last trial and the non-chosen option.
a
Indicates CI does not include zero.
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combining the data from Experiments 1 and 2 to analyze together,
which increases statistical power.

for 10 min, then proceeded to the decision-making task. Upon com
pletion of the decision-making paradigm, participants provided a
second saliva sample. Fig. 3 presents a timeline of the procedure.

3. Experiment 2

3.2. Results

3.1. Method

3.2.1. Cortisol responses
An independent samples t-test demonstrated that baseline cortisol
measurements were significantly different between control and stress
conditions, t(73) = −4.012, p = .001. Despite using random assign
ment, those in the control condition had higher cortisol levels than
those in the stress condition at baseline. While this result is unexpected,
the primary measure of interest is change in cortisol concentrations from
baseline to post-test (Fig. 4).
To assess whether individuals in the SECPT condition showed an
increase in salivary cortisol compared to the control condition, a 2
(Condition: Stress vs. Control) × 2 (Time: Baseline vs. Post-task) mixed
ANOVA was performed. Results indicated a significant interaction ef
fect such that cortisol concentrations increased at Time 2 in response to
the SECPT but not in the control condition (F(1, 73) = 5.320, p = .024,
ƞ2p = 0.113). In the stress condition, cortisol levels significantly in
creased between baseline (M = 19.01 nmol/L, SD = 6.09) and posttask (M = 22.18 nmol/L, SD = 5.464) time points (t(34) = −5.074,
p < .001, d = 0.548). In contrast, there was no such change between
baseline (M = 26.26 nmol/L, SD = 9.04) and post-task
(M = 26.73 nmol/L, SD = 9.48) time points in the control condition (t
(39) = −0.504, p = .617, d = 0.051). Furthermore, a correlational
analysis between change in cortisol response from baseline to post-task
time points showed a positive, though ultimately non-significant, as
sociation between cortisol concentrations and overall proportion of
high-uncertainty options, r = 0.140, p = .232.

3.1.1. Participants
Ninety-five undergraduate participants (61 females; Mage = 19.24,
SDage = 1.35) completed the experiment for partial fulfillment of a
psychology course requirement. Forty-eight participants (26 females,
Mage = 18.92, SDage = 1.05) were randomly assigned to the stress
manipulation condition, and forty-seven participants (35 females,
Mage = 19.57, SDage = 1.54) were randomly assigned to the control
condition. Due to experimenter error, twenty of the cortisol samples (13
in the stress condition and 7 from the control condition) were con
taminated during the cortisol analysis phase before we were able to
gauge concentrations from them.
3.1.2. Materials and design
Experiment 2 used the same materials (e.g., SECPT and decisionmaking task) as Experiment 1. However, an assessment of salivary
cortisol was added in this study. Saliva samples were obtained using
Salimetrics SalivaBio oral swab collections devices at baseline recording
and 25 min after the end of the SECPT or control condition. These
collection time points were based on previous research indicating that
this time period is when peak cortisol levels should be observed
(Schwabe et al., 2008; Schwabe & Schächinger, 2018; Schwabe & Wolf,
2010). Saliva samples were stored at −20 °C until they were analyzed.
Before analysis, samples were thawed at room temperature and then
centrifuged at 3000 rpm for 15 min at room temperature. Salivary
cortisol concentrations were then measured by enzyme immunoassay
(Salimetrics, Suffolk, United Kingdom) in duplicate according to the
manufacturer's instructions. The analytical sensitivity for the cortisol
assay is 0.007 μg/dL with the standard curve ranging from 0.012 to
3.00 μg/dL.

3.2.2. Effect of stress on decision-making under uncertainty
The pattern of results was similar for Experiment 2; a main effect of
Stress Condition was observed with participants in the stress condition
(M = 0.37, SD = 0.24) selecting the high-uncertainty condition more
often than participants in the control condition (M = 0.28, SD = 0.22);
however, the effect was slightly weaker than in Experiment 1, F(1,
93) = 4.032, p = .048, η2p = 0.048, BF10 = 1.26. The main effect of
Trial Block was also significant, F(1, 93) = 15.127, p < .001,
η2p = 0.140. Follow-up comparisons demonstrated that participants
selected the high-uncertainty option more between Blocks 2 and 3
(p = .037) and between Blocks 3 and 4 (p = .001), but there was no
difference between Blocks 1 and 2 (p = .137). Like Experiment 1, the
Trial Block × Stress Condition interaction was non-significant in
Experiment 2, p = .085. Moreover, similar to the results of Experiment
1, participants in both the stress (t(47) = −7.599, p < .001) and
control (t(46) = −8.428, p < .001) conditions selected the high-un
certainty option significantly less frequently than 50% in the first block
of 25 trials (Fig. 5).

3.1.3. Procedure
All participants were instructed to refrain from eating and drinking
anything except water in the 1 h preceding the study time. In line with
previous research using similar acute stress manipulation procedures
(e.g., Lenow et al., 2017; Raio et al., 2014; Shields et al., 2016; Wemm
& Wulfert, 2017), participants spent 5–10 min acclimating to the lab
environment before beginning the study. During this acclimation
period, participants were asked to read over the consent form and ask
any questions about the form. They were also given an eight-ounce
water bottle to drink to reduce the possibility of contaminants entering
the saliva sample. After this initial 5–10 minute period, participants
provided their first salivary cortisol sample using Salimetrics SalivaBio
Oral Swabs. The absorbent oral swab was placed under the tongue for
2 min, and then deposited in a test tube. Participants were then ran
domly assigned to either the stress or control manipulation. Participants
then completed either the SECPT or control condition, waited quietly

3.2.3. Gender analysis
The 2 (Condition) × 2 (Gender) analysis for Experiment 2 showed a

Fig. 4. Experimental timeline. Representation of the experimental procedure and timeline for Experiment 2. Time is represented in minutes. Experiment 1 entailed
the same procedure with the exception of the baseline and post-task cortisol assessments.
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Table 6
Coefficients for model predicting stay or switch.
Data

Exp. 2
All
Trials

Exp. 2
First
25
Trials

Fig. 5. The proportion of optimal, high-uncertainty choices on the decisionmaking task in the stress versus control condition of Experiment 2. Error bars
represent standard error of the mean.

Effect

Intercept
PrvRwd
Condition
EVDiff
UncDiff
PrevRwd × Condition
EVDiff × Condition
UncDiff × Condition
Intercept
PrvRwd
Condition
EVDiff
UncDiff
PrevRwd × Condition
EVDiff × Condition
UncDiff × Condition

Population-level effects
Estimate

Est. error

l-95% CI

u-95% CI

0.0414
0.0367
0.2015
0.0433
−0.0298
−0.0032
−0.0027
0.0156
0.2423
0.0325
0.1993
0.0302
−0.0234
−0.0076
0.0015
0.0034

0.1418
0.0071
0.1748
0.0057
0.0049
0.0090
0.0075
0.0061
0.1322
0.0076
0.1660
0.0048
0.0044
0.0090
0.0060
0.0052

−0.2420
0.0235a
−0.1388
0.0325a
−0.0397a
−0.0211
−0.0174
0.0039a
−0.0199
0.0186a
−0.1186
0.0213a
−0.0320a
−0.0251
−0.0107
−0.0066

0.3102
0.0508a
0.5418
0.0549a
−0.0202a
0.0149
0.0122
0.0280a
0.4947
0.0488a
0.5264
0.0400a
−0.0149a
0.0097
0.0133
0.0135

Note. Results of the mixed effects regression model predicting Stay behavior for
Experiment 2. PrevRwd refers to the reward given on the preceding trial. EVDiff
refers to the difference in expected value between the option chosen on the
preceding trial and the non-chosen option, and UncDiff indicates the difference
in uncertainty between the option chosen on the last trial and the non-chosen
option.
a
Indicates CI does not include zero.

marginally significant effect of Gender such that males (M = 0.39,
SD = 0.22) selected the high-uncertainty option numerically more than
females (M = 0.29, SD = 0.23), F(1, 93) = 3.293, p = .073,
η2p = 0.035. The main effect of Condition (p = .148) and the
Condition × Gender interaction (p = .869) were non-significant.

3.2.6. Mixed-effects modeling
The Delta-U model and participants' past choices and outcomes
were again used to compute EVDiff, UncDiff, and PrevRwd as predictors
of Stay behavior in a mixed effects regression model. Table 6 shows the
estimated regression coefficients. The effect of UncDiff, or the difference
in uncertainty between the choice selected on the last trial and the nonchosen option, on Stay Behavior was nearly identical to the effect we
observed in Experiment 1. The main effect of UncDiff denotes that
participants in the control condition were generally less likely to stay if
the option they had just selected had greater variance associated with it
compared to the alternative option. Similarly, the significant Un
cDiff × Condition interaction was positive, which suggest that parti
cipants in the stress condition were more likely to continue selecting the
option that had greater variance associated with it compared to the
alternative. As in Experiment 1, previous reward and expected value
difference did not significantly interact with condition.
Fig. 6 shows the estimated regression slopes for participants in each
condition based on previous reward (A), expected value difference (B),
and uncertainty difference (C). These results are consistent with the
results from Experiment 1. The stress manipulation did not affect how
participants weighted previous outcomes or expected value, but it did
affect how participants weighted the uncertainty between the two op
tions. Control participants were more sensitive to uncertainty; they had
a greater tendency to stay with options relatively low in uncertainty
and switch away from options that were relatively high in uncertainty,
whereas stress participants were less affected by uncertainty.
The bottom half of Table 5 shows the estimated coefficients for the
same model fit to only the first 25 trials of the task. Unlike Experiment 1
we did not observe a significant interaction between condition and
uncertainty difference during the first 25 trials. Interestingly, we also
did not observe a difference in accuracy between conditions during the
first block in Experiment 2, like we did in Experiment 1. This suggests
that in Experiment 2 participants in the stress condition may have in
itially been as averse toward uncertainty as control participants, how
ever they tended to select the optimal, high-uncertainty option more
often as the task progressed.
We again examined interactions between our three model-based
regressors and gender. Table 7 lists the estimated coefficients from the
model. The interaction effects between gender and expected value and

3.2.4. Exploratory analysis on response times
Similar to Experiment 1, the 2 (Condition) × 4 (25-Trial Block)
mixed ANOVA for response times on the task in Experiment 2 showed a
significant main effect of Trial Block (F(3, 279) = 44.959, p < .001,
η2p = 0.326) but no effect of Condition (p = .575) or Condition × Trial
Block interaction (p = .190). Consistent with Experiment 1, partici
pants responded faster in Block 2 (531 ms, SD = 348), Block 3 (512 ms,
SD = 402), and Block 4 (463 ms, SD = 212) compared to the first block
of trials in the task (853 ms, SD = 445), ps < .001.
3.2.5. Reinforcement-learning modeling
As with Experiment 1, the reinforcement learning models were fit to
the data in Experiment 2 as well. Table 1 shows the average BIC and
AIC for each model for participants in each condition. Similar to Ex
periment 1, the BIC and AIC values were lowest for the Delta model that
included the uncertainty parameter (Delta-U model), suggesting that
this model was best fit to the data compared to the other models.
However, the BIC weights for the basic Delta model were slightly higher
than weights for the Delta-U model for the stress condition but not the
control condition in Experiment 2.
The best-fitting model parameters for each model are shown in
Table 2. Like Experiment 1, there were no significant differences in
Delta-U model parameter values between conditions in Experiment 2.
Those in the stress conditions had higher uncertainty-weight para
meters compared to the control condition, indicative of diminished
aversion to uncertainty, but this difference was not significant, t
(93) = −1.354, p = .179. There was no difference between conditions
for the inverse temperature, t(93) = 0.849, p = .398, or for the
learning rate parameter, t(93) = 0.749, p = .456.
The average best-fitting parameter values by gender are shown in
the bottom half of Table 3. There was no difference between males and
females for the inverse temperature, t(93) = −0.710, p = .479, the
learning rate parameter, t(93) = 0.643, p = .522, or for the uncertainty
weight parameter, t(93) = −0.077, p = .939.
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Fig. 6. Best fitting regression slopes fit to data from Experiment 2. Plots show interactions between Condition and (A) reward given on the preceding trial (PrvRwd),
(B) the difference in expected value between the option chosen on the preceding trial and the non-chosen option (EVDiff), and (C) the difference in uncertainty
between the option chosen on the last trial and the non-chosen option (UncDiff).

uncertainty difference were not significant, but the interaction between
gender and previous reward was. Fig. 7 plots each of these interactions.
The interaction coefficient for previous reward and gender is negative
which means that the effect of previous reward is weaker for males, the
comparison group, than for females. Compared to males, females were
more likely to stay with the same option following larger reward on
previous trials and switch to a different option losses or smaller re
wards. The coefficient for the Gender × Previous reward interaction
was also negative in Experiment 1, indicating the same pattern of effect,
however, the effect was not significant different from zero.

Condition × Experiment × Trial Block interaction was non-significant
(F(3, 606) = 1.10, p = .35). Similarly, there was no main effect of
Experiment (F(1, 202) = 1.00, p = .32), and no Condition
× Experiment interaction (F(1, 202) = 0.21, p = .65). For simplicity,
and because there were no substantial differences in behavior between
the two experiments, we next analyzed the proportion of high-un
certainty choices made during each 25-Trial Block on the combined
data from both studies.
A 2 (Condition: Stress vs. Control) × 4 (25-Trial Block) repeated
measures ANOVA showed an effect of Trial Block, F(3, 612) = 34.38,
p < .001. Participants in both conditions selected the optimal, highuncertainty option more as the task progressed, likely due to learning. A
main effect of Condition was observed in which participants in the
stress condition consistently selected the high-uncertainty option more
often than participants in the control condition, F(1, 204) = 10.99,
p < .001, η2p = 0.051, BF10 = 19.87 (Fig. 7). There was no Trial
Block × Condition interaction, F(3, 612) = 1.52, p = .21. At an alphalevel of 0.05 and sample size of 206 participants, a post hoc sensitivity
power analysis indicated that the study had 0.80 power to detect a
small effect size (f2 = 0.054), based on Cohen's effect size guidelines
(Cohen, 1988). Thus, when the data from both studies is combined,
there is strong evidence that participants in the stress condition selected
the optimal, high-uncertainty option more often than participants in the

4. Combined analyses
Having confirmed that overall behavior was similar across the two
experiments, we next sought to examine the findings using the com
bined data from each experiment.
4.1. Effect of stress on decision-making under uncertainty
To determine whether such a combined analysis would be appro
priate, a 2 (Condition: Stress vs. Control) × 2 (Experiment: 1 vs. 2) × 4
(25-Trial Block) ANOVA was first conducted to assess whether the ef
fect of Condition or Trial Block varied by Experiment. The three-way
12
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Table 7
Coefficients for model predicting stay or switch by Gender.
Exp

2

Effect

Intercept
PrvRwd
Gender
EVDiff
UncDiff
PrevRwd × Gender
EVDiff × Gender
UncDiff × Gender

Population-level effects
Estimate

Est. error

l-95% CI

u-95% CI

0.0613
0.0448
0.2554
0.0465
−0.0233
−0.0255
−0.0129
0.0066

0.1272
0.0066
0.1840
0.0053
0.0045
0.0093
0.0077
0.0066

−0.1874
0.0322a
−0.0996
0.0364a
−0.0320a
−0.0445a
−0.0282
−0.0061

0.3095
0.0585a
0.6147
0.0575a
−0.0146a
−0.0070a
0.0018
0.0195

Fig. 7. The proportion of optimal, high-uncertainty choices on the decisionmaking task in the stress versus control condition. Results from both
Experiments 1 and 2 are shown. Error bars represent standard error of the
mean.

Note. Results of the mixed effects regression model predicting Stay behavior for
Experiment 2. PrevRwd refers to the reward given on the preceding trial. EVDiff
refers to the difference in expected value between the option chosen on the
preceding trial and the non-chosen option, and UncDiff indicates the difference
in uncertainty between the option chosen on the last trial and the non-chosen
option.
Stay was coded as 1 and Switch was coded as 0. Full model syntax is:
brm(StayProbability ~ PrvRwd ∗ Condition + EVDiff ∗ Condition + UncDiff ∗
Condition + (1 + PrvRwd + EVDiff + UncDiff | subnum), data = data(Exp),
family = “bernoulli”).
a
Indicates CI does not include zero.

control condition. The Bayes Factor analysis indicates that the alternate
hypothesis that the groups differ in choice behavior is about 20 times
more likely than the null.

than control participants at the beginning of the task and quicker later
on.
4.4. Mixed-effects analysis from reinforcement learning models

4.2. Gender analysis

We fit the same multilevel model predicting stay behavior as above
to examine interactions between condition and our three model-based
regressors. The coefficients for the interaction between Condition and
EVDiff (b = −0.006, 95% CI = [−0.022, 0.003]), and Condition and
PrevRwd (b = −0.002, 95% CI = [−0.012, 0.008]) had 95% CIs that
included zero. However, the coefficient for the interaction between
Condition and UncDiff had a 95% CI that did not include zero
(b = 0.013, 95% CI = [0.005, 0.022]). This indicates a strong inter
action between condition and UncDiff. These interactions are plotted in
Fig. 8. The interaction between UncDiff and Condition, combined with
the lack of strong interactions between PrevRwd and Condition and
EVDiff and Condition, offer support for the idea that sensitivity to un
certainty differed between the control and stress conditions, while
sensitivity to expected value and previous reward did not.
We also tested some additional models to see whether the same
general pattern held of an interaction between UncDiff and Condition,
but no other interaction effects with condition. We fit the same model
above on the combined data, but instead of PrvRwd we included a di
chotomous predictor, Loss, that was given a value of 1 if the previous
reward was a loss, and zero otherwise. The interaction between Loss
and Condition did not differ from zero (b = −0.2375, 95%
CI = [−0.2096, 0.7307]), the interaction between EVDiff and
Condition also did not differ from zero (b = −0.0088, 95%
CI = [−0.0211, 0.0034]), but the interaction between UncDiff and
Condition did differ from zero (b = 0.0119, 95% CI = [0.0037,
0.0200]). We also did not find effects for similar models fit to the data
separately for each experiment.
A model without PrvRwd or Loss included as predictors was also
tested. The reason for testing this simpler model is that EVDiff and
PrvRwd might be correlated with one another and could potentially be
accounting for overlapping variance in stay/switch behavior. However,
in this reduced model the interaction between EVDiff and Condition did
not differ from zero (b = −0.0099, 95% CI = [−0.0224, 0.0019]), but
the interaction between UncDiff and Condition did differ from zero
(b = 0.0132, 95% CI = [0.0047, 0.0218]).
Finally, we split the combined data from both experiments into

We next examined the effect of gender by performing a 2 (Gender:
Females vs. Males) × 2 (Condition: Stress vs. Control) ANOVA with the
proportion of high-uncertainty choices as the outcome variable. There
was a main effect of Gender such that males (M = 0.41, SD = 0.23)
selected the high-uncertainty option more on average compared to fe
males (M = 0.31, SD = 0.24), F(1, 202) = 7.60, p = .006, η2p = 0.035.
A main effect of Condition was also observed F(1, 202) = 8.59,
p = .004, η2p = 0.039. Those in the stress condition (M = 0.40,
SD = 0.24) selected the high-uncertainty option more than those in the
control condition (M = 0.29, SD = 0.23). However, there was no
Gender × Condition interaction, F(1, 202) = 0.06, p = .797,
η2p = 0.000. Thus, our hypothesis that gender may moderate the effect
of stress on decision-making under uncertainty was not supported. A
Bayesian ANOVA revealed Bayes Factors warranting inclusion of 11.15
for the effect of Condition, 4.36 for Gender, and 0.66 for the interaction
effect. Thus, there appear to be orthogonal effects for both stress and
gender, with males selecting the high-uncertainty option more than
females in both conditions.
4.3. Exploratory analysis on response time
We performed a mixed ANOVA analysis on average response times
across each block for the combined data. The 2 (Condition: Stress vs.
Control) × 4 (25-Trial Block) ANOVA predicting average response time
showed a main effect of Trial Block, F(3, 612) = 4.89, p < .001, as
well as a significant Condition × Trial Block interaction, F(3,
612) = 3.33, p = .019. The interaction effect suggests that participants
in the stress condition (M = 0.85, SD = 0.47) responded more slowly
than participants in the control condition (M = 0.75, SD = 0.31)
during the first block but then eventually responded slightly more
quickly than control condition participants. However, the effect of
condition on response time in Block 1 is not substantial, t(204) = 1.72,
p = .087, d = 0.24, BF10 = 0.602; the differences in response times are
negligible for the later blocks. Thus, there is modest, but fairly weak
evidence that stress condition participants may respond more slowly
13
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Fig. 8. Best fitting regression slopes based on the interactions between Condition and (A) reward given on the preceding trial (PrvRwd), (B) the difference in expected
value between the option chosen on the preceding trial and the non-chosen option (EVDiff), and (C) the difference in uncertainty between the option chosen on the
last trial and the non-chosen option (UncDiff) in the combined analysis from Experiments 1 and 2.

None of the three-way interactions were significant. Thus, the interac
tions between gender and previous reward and gender and expected
value did not differ significantly across studies, with females being
more sensitive to previous reward and expected value. However, the
effects were stronger, and only significant within the stress condition.

control and stress condition data and fit the same mixed effects model
predicting stay behavior from interactions between gender and our
three model-based regressors. In the control condition, none of the twoway interactions with gender were significant. In the stress condition
data the interaction between gender and uncertainty difference was not
significant (b = 0.0048, 95% CI = [−0.0061, 0.0160]), but the in
teractions between expected value difference and gender,
(b = −0.0166, 95% CI = [−0.0302, −0.0036]) and between previous
reward and gender were significant, (b = −0.0132, 95%
CI = [−0.0266, −0.0001]). These interactions within the stress con
dition data across both experiments are plotted in Fig. 9. Females were
more sensitive to previous reward and expected value. These effects
were in the same direction for control participants, but not significant.
We fit a final model that included three-way interaction terms be
tween gender, condition, and each of the three model-based regressors.

5. Discussion
Across two experiments, acute stress resulted in higher tolerance of
uncertain, inconsistent outcomes that led to larger cumulative rewards.
These results support previous research showing that moderate acute
stress improves decision-making under uncertainty when long-term
rewards must be valued over small, immediate gains (Byrne et al.,
2019). Furthermore, participants in both conditions of Experiments 1
and 2 showed an initial bias toward the low-uncertainty option. This

14

Cognition 205 (2020) 104448

K.A. Byrne, et al.

Fig. 9. Results from mixed effects model predicting stay behavior for participants in the stress condition across both experiments. Best fitting regression slopes based
on the interactions between Gender and (A) reward given on the preceding trial (PrvRwd), (B) the difference in expected value between the option chosen on the
preceding trial and the non-chosen option (EVDiff), and (C) the difference in uncertainty between the option chosen on the last trial and the non-chosen option
(UncDiff).

information acquired from experience. In situations in which focusing
on large rewards leads to advantageous outcomes, moderate levels of
stress can be beneficial in reducing one's intolerance of uncertainty and,
in some contexts, can lead to greater rewards.
The high-uncertainty option in the decision-making task was also
the option that had higher expected values and more frequent losses.
Therefore, one remaining question from the behavioral results was
whether selection of the high-uncertainty option was indeed due to
heightened tolerance of uncertainty, or if instead, the effects were due
to more accurate predictions of expected value or increased tolerance of
losses. To tease apart these conflating explanations, reinforcement
learning models that included uncertainty, expected value, and loss
aversion parameters were applied to data. A model with both expected
value and uncertainty, but not loss aversion, provided the best fit to the
data, and these model parameters were then used to generate regressors
for a mixed effects model that predicted participants' stay or switch
decisions. The results demonstrated that those in the stress condition
were more likely than those in the control condition to stay with an
option that had a high degree of uncertainty (e.g., variance) associated

result demonstrates that participants were more averse to the higher
uncertainty option at the beginning of the task. However, those in the
stress condition showed a diminished aversion to uncertainty as the
task progressed. The present results support our primary hypothesis
(H1) that acute stress can increase individuals' tolerance of greater
variability in their decision environment in order to pursue larger re
wards. Because the high-uncertainty option in this task led to greater
cumulative rewards, those in the stress condition that tolerated a higher
level of variability reaped greater rewards.
In Experiment 2, we observed that the acute stress manipulation
resulted in an increase in cortisol levels. This finding provides evidence
that the SECPT stress manipulation successfully activated the HPA axis
which regulates reward-based decision-making and goal-directed be
haviors (Deutch & Roth, 1991; ). In line with the STARS hypothesis,
stress can enhance the reward salience of different choices (Lighthall
et al., 2013; Mather & Lighthall, 2012) and increase dopamine, which
may enhance maintenance and updating of action-reward associations
(Cohen et al., 2002; D'Ardenne et al., 2012; O'Reilly, 2006). Conse
quently, acute stress responses may improve updating of reward
15
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with it, indicating a heightened tolerance of uncertainty. However,
there were no significant differences between the stress and control
conditions in the decision to switch to the less uncertain option based
on changes in expected value, reward magnitude, or the presence of a
loss outcome on the previous trial. These findings provide strong evi
dence showing that greater selection of the high-uncertainty option
among those in stress condition can be attributed to greater tolerance of
uncertainty, rather than greater tolerance of losses, greater rewardseeking behavior, or more accurate determinations of expected values.
Gender differences in uncertainty tolerance were also observed
across both experiments. Although it was predicted that females would
exhibit higher tolerance of uncertainty following acute stress compared
to males, this hypothesis (H2) was not supported by the data. Instead,
regardless of the stress manipulation, males tended to choose the highuncertainty option more than females. Previous work demonstrates that
males tend to focus on reward magnitude during decision-making to a
greater extent than females, who focus more on reward frequency
(Byrne & Worthy, 2015; Cornwall et al., 2018; van den Bos et al., 2013).
Computational modeling results from previous studies show that males'
decision-making behavior is often guided by options with higher longterm expected values, while females' decisions often rely more on at
tention to recent outcomes (Byrne & Worthy, 2016). Consistent with
this increased attention recent outcomes, in Experiment 2, and in the
combined data, females were more sensitive to the reward given on the
previous trial than males. Males, on the other hand, were less re
sponsive to recent rewards, which likely allowed them to stick with the
high-uncertainty option for longer, on average (Byrne & Worthy, 2016).
In the combined analysis we also found that males were less sensi
tive to expected value and previous reward in the stress condition,
compared to females. The reduced sensitivity to expected value is
somewhat surprising given that males performed better on the task, and
the high-uncertainty option should have had higher expected values.
However, females may still have performed worse because of their
enhanced sensitivity to recent rewards. We observed a similar differ
ence in sensitivity to expected value and previous reward in the control
condition, however, the differences were only significant in the stress
condition. These nuanced findings may help motivate future studies
that can examine differential effects of previous reward and expected
value for males versus females under stress versus no-stress conditions.
In the exploratory analyses for response time, the results from the
individual studies showed no evidence that stress influences decision
speed on the task. However, in the combined analysis, the results
showed that those in the stress condition initially responded more
slowly than those in the control. However, because this finding was
only observed in the combined analysis and not in either of the in
dividual study results, we suggest that there may only be weak evidence
for an effect of stress on decision speed, and broader generalizations of
this result should be done with caution in light of this limitation.
The findings of this study are consistent with the ‘selfish’ brain
theory, which proposes that acute stress may serve an adaptive function
when individuals are faced with uncertainty (Peters et al., 2017). Under
stress, heightened reward salience from the HPA-related dopamine re
lease allows individuals to glean more accurate information about the
possible decisions they are faced with. This then leads to better longterm outcomes and reduces uncertainty in the long-term; individuals
are able to deduce from experience that the more uncertain, incon
sistent option has a large range of rewards, but that the rewards are
larger on average than the less uncertain option. This knowledge can
therefore be used to better understand the decision environment and
reduce overall uncertainty. Our results show that acute stress effectively
improves decision-making when the situation entails maximizing re
ward at the cost of greater uncertainty.
Given the design of the decision-making task, it is reasonable to
consider that the results of this study could be attributed to greater
exploration of the decision environment under stress. Exploration de
cision strategies involve actively pursuing additional information about

a choice in the face of uncertainty and tracking the values of alternative
choices (Blanco et al., 2013; Laureiro-Martínez et al., 2015). In contrast,
exploitation strategies entail simply choosing the option that provides
the highest reward in the recent past, such as the previous trial (Blanco
et al., 2013). In an uncertain, changing environment, exploratory ac
tions can improve the quality of one's decisions because the decisionmaker is actively acquiring knowledge about their environment
through exploration. On the other hand, in a stable, familiar environ
ment, there is minimal need for or benefit of exploration and learning
(Doya, 2008). However, recent research shows that acute stress and
cortisol reactivity promotes exploitation behavior, rather than ex
ploration behavior, of one's environment (Lenow et al., 2017). Ad
ditionally, given the lack of a significant Condition × Trial Block in
teraction, no significant differences in learning over time was evident
between the stress and control condition. This combined prior work
suggests that acute stress does not necessarily increase exploration but
rather heightens one's focus on reward salience, even when there is
greater uncertainty and variability in the decision environment.
5.1. Limitations and future directions
In generalizing the results of the current study, we note our sample
was comprised of a relatively homogenous group of undergraduate
students. Consequently, the findings may not necessarily generalize to
other age groups or those with different educational levels. Future re
search should consider examining a broader, more diverse sample.
Additionally, this study exclusively examined the effect of acute stress
shortly after the onset of a stressor, and the effects may not generalize
to decisions made after a longer time delay. Previous work suggests that
the effects of acute stress on decision-making are highly time-depen
dent; completing a decision-making task 5 or 18 min after stress ex
posure has been associated with diminished risk-taking, while decisionmaking after a longer 28-minute delay led to increased risk-taking
(Pabst et al., 2013). It is possible that performing the decision-making
task after a longer post-stressor time delay, such as 30 min, might exert
different effects on decision-making than those observed in this study.
We also note that the choices in the uncertainty-based decision-making
task conflated uncertainty, expected values, and outcome valence such
that the high-uncertainty option had higher expected values and in
cluded both rewards and losses as feedback compared to the low-un
certainty option. While the results of reinforcement learning models
were able to effectively disentangle these components and their re
lationship with stress, future research should consider alternative task
designs to examine the effect of acute stress on decision-making under
uncertainty. Additionally, choice outcomes only led to points in this
study and were not associated with a monetary value. Although pre
vious research has shown that rewards for monetary rewards and nonmonetary rewards in the form of points elicit similar neural activity in
reward regions of the brain (Brown & Cavanagh, 2018; Tunison et al.,
2019), future research may distinguish whether real monetary out
comes influence the effect of stress on decision-making under un
certainty.
A further limitation is that cortisol levels were only measured at
baseline and post-task. While the rationale for these measures was that
it takes time for cortisol levels to peak, it would have been beneficial to
test an additional time point—post-SECPT and pre-decision-making
task—to check that cortisol levels did not change significantly from
baseline. In addition, results of Experiment 2 showed that participants
in the control condition had higher cortisol levels at baseline compared
to those in stress condition. Typically, random assignment should ac
count for such potential differences, and there should be no group
differences in baseline measurements. Nevertheless, we did observe
baseline differences in this study. Thus, conclusions about the cortisol
measure should be drawn with this limitation in mind.
Although prior work shows that acute stress may affect dopamine
release and reward-related neural circuitry (e.g., Deutch & Roth, 1991;
16
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Porcelli et al., 2012), one limitation to the current study is that changes
in dopamine were not directly measured. Research using positron
emission tomography (PET) methods is needed to determine the direct
effect of dopamine on decision-making under uncertainty. Furthermore,
future neuroimaging work could be aimed at identifying how stress
increases or decreases neural activity in specific brain regions during
decision scenarios when there are tradeoffs between degree of certainty
and reward.
Previous work shows that menstrual cycle status and use of oral
contraceptives can affect salivary cortisol concentrations and responses
to acute stressors. While females in the luteal phase show similar in
creases in salivary cortisol concentrations to men, females in the folli
cular phase and those using oral contraceptives tend to have lower
increases in cortisol following stress exposure (Kirschbaum et al.,
1999). Therefore, another limitation is that menstrual cycle information
was not obtained from female participants, which may have influenced
cortisol levels. Moreover, measures of personality traits, such as the Big
Five, were not included in this study. Recent work shows that high
levels of trait neuroticism, extraversion, and openness to experiences
are independently associated with diminished cortisol responses after
exposure to an acute stressor (Xin et al., 2017). Therefore, these traits
could be considered as covariates or moderators of the effect of acute
stress on decision-making in future work.
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