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Abstract

Changes in risk preference have been reported when making a series of independent risky

choices or non-foraging economic decisions. Behavioral economics has put forward various

explanations for specific changes in risk preference in non-foraging tasks, but a consensus

regarding the general principle underlying these effects has not been reached. In contrast,

recent studies have investigated human economic risky choices using tasks adapted from

foraging theory, which require consideration of past choices and future opportunities to

make optimal decisions. In these foraging tasks, human economic risky choices are

explained by the ethological principle of fitness maximization, which naturally leads to

dynamic risk preference. Here, we conducted two online experiments to investigate whether

the principle of fitness maximization can explain risk preference dynamics in a non-foraging

task. Participants were asked to make a series of independent risky economic decisions

while the environmental richness changed. We found that participants’ risk preferences

were influenced by the current and past environments, making them more risk-averse dur-

ing and after the rich environment compared to the poor environment. These changes in risk

preference align with fitness maximization. Our findings suggest that the ethological princi-

ple of fitness maximization might serve as a generalizable principle for explaining dynamic

preferences, including risk preference, in human economic decision-making.

Author summary

Decision-making involving probabilistic outcomes (i.e., under risk) is an integral part of

our daily lives. Empirical studies have shown that risky behavior often deviates from stan-

dard economic theory, and peoples’ risk preferences change depending on their psycho-

logical and physiological states, and the context of the decision. While previous studies

have developed empirical mathematical models to provide mechanistic explanations of

these effects, there is no unifying principle that explains why human risky decision-mak-

ing is tuned this way. Here, we document one such context effect and suggest that this
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effect can be explained by the ethological principle of fitness maximization. In our study,

participants made sequential independent risky decisions in different environments. We

found that rich environments in which it was easy to get large rewards increased partici-

pants’ risk-aversiveness both during and after experiencing them, and experiencing poor

environments increased risk taking behavior. The foregoing modulations of risk-aversive-

ness are predicted if participants make decisions to satisfy some internal threshold for

minimum reward gain, akin to reaching a minimum threshold for survival, rather than to

maximize reward gain. Our results suggest that a better understanding of human eco-

nomic behavior may be achieved under the principle of fitness maximization.

Introduction

How humans choose between options with probabilistic outcomes is a major question in eco-

nomics and psychology [1,2]. This problem has been formally investigated by studying risky

choice. In this context, “risk” specifically refers to the variance in the outcome of an option, as

defined in economics. The standard models of risky choice assume that individuals make deci-

sions to maximize utility [3,4], where the utility of an option is determined by both the option’s

properties and the risk preference of the decision-maker. In classical theories of risky choice,

such as expected utility theory [3,4], modern portfolio theory [5] and prospect theory [6], an

individual’s risk-preference is assumed to be a stable trait [7].

However, the framing of the decision problem [8,9], the history of prior outcomes [10,11],

an individual’s emotional state [12–16], hormone levels [17–19], observation of other’s choices

[20], and aging [21] can alter the risk preference of a decision-maker. The foregoing observa-

tions show that the constancy of risk preference does not always hold [22]. Numerous studies

have endeavored to elucidate the mechanistic underpinnings of changes in risk preference by

employing diverse computational models with intricate utility functions tailored to specific

contexts [23–28]. Notably, models with divisive normalization [24,27,29,30], reference-point

centering [26,31,32], and range adaptation [26,33,32] have prominently featured in this explo-

ration. However, while these studies proficiently elucidate the mechanisms through which

dynamic modulation of risk preference arises as a consequence of learning-based utility modu-

lation, they lack a comprehensive articulation of the adaptive significance that underlies the

specific structure of the utility function and its evolution over time.

In contrast to these studies, ethological theories assume that animals’ risky choices are

guided by the maximization of long-term fitness rather than utility, which naturally leads to

dynamic risk preference [34,35]. For example, the risk-sensitive foraging theory predicts that

animals should be risk-prone in environments in which the mean rate of food gain is less than

the animals’ energetic needs, and vice-versa [34,36–38]. In accordance with the foregoing pre-

diction, Caraco et al. observed that birds’ preference between two food patches, which deliv-

ered the same amount of food on average but differed in risk, changed depending on their

energy needs [39]. Under higher energy needs (e.g., cooler temperature or greater starvation),

birds preferred the food patch with higher risk. Stephens argued that the foregoing shift in risk

preference is inevitable if the average energy delivered from an environment is insufficient to

support their energy needs [36]. Therefore, fitness maximization rather than utility maximiza-

tion better describes the foregoing patch preference of birds.

Recent human studies investigating human economic risky choices in tasks adapted from

foraging theory [40,41] have found that experimentally induced needs change human risk

preference in accordance with risk-sensitive foraging theory [42–46]. Critically, such foraging
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tasks differ from non-foraging tasks typically used to study human risky choice in that the

optimality of the decision cannot be defined independently for each trial and depends on the

outcome of past decisions and/or expected future opportunities. For example, Kolling et al.
required participants to accumulate rewards to a target amount within a block of eight risky

choices so that they could receive the accumulated reward for that block [45]. As a result, the

participants’ choices became more risk-prone with increasing need, as defined by the discrep-

ancy between the target and accumulated reward divided by the number of remaining trials in

the block. The forgoing shift in risk preference is in accordance with risk-sensitive foraging

theory and suggests that fitness maximization rather than utility maximization better describes

human economic choice in foraging situations.

To explore whether the observed shifts in human risk preference in foraging and non-for-

aging tasks can be understood under the same principle, here we investigated whether the

risk-sensitive foraging theory and, thus, the principle of fitness maximization explains human

risk preference dynamics in a non-foraging task. In our experiment, participants made inde-

pendent risky choices in blocks of differing environmental richness. Classical economic theo-

ries assume that the optimality of choices depends only on the choice at hand and thus

predicts no shifts in participants’ risk preference across different environments. In contrast,

the risk-sensitive foraging theory predicts that participants’ risk preference in a given environ-

ment will be modulated by the mean rate of gain in the environment as well as the reward

accumulated in the past. In particular, participants are predicted to be more risk-prone for the

same choice options in poor environments where the mean rate of gain is lower than in rich

environments. In addition, participants accumulate less reward in poor than in rich environ-

ments and are thus predicted to be more risk-prone after experiencing poor than after

experiencing rich environments. Thus, the risk-sensitive foraging theory makes specific pre-

dictions about the effects of the current and past environments on the participants’ risk

preference.

The effect of the current and past environments on participants’ risk preference predicted

by the risk-sensitive foraging theory is intuitive in an affect-based explanation. An option with

a reward probability of 50% seems more attractive in a poor environment with a typical reward

probability of 40% compared to a rich environment with typical reward probabilities of 60%.

Similarly, an option with a reward probability of 50% in the current environment seems more

attractive when the environment is an improvement from a previously experienced poor envi-

ronment with a typical reward probability of 40% rather than a deterioration from a previously

experienced rich environment with a typical reward probability of 60%.

Our results were in accordance with the predictions of risk-sensitive foraging theory. First,

we found that participants were consistently more risk-averse in the rich than in the poor envi-

ronment for the same set of choice options. Second, prior exposure to the rich and poor envi-

ronments made participants more and less risk-averse, respectively. Regression analysis

revealed that, along with the expected value and the risk of an option, the participants’ choices

were consistently modulated by two environment-related regressors, as well as the accumu-

lated reward. One environmental regressor captured the effect of the richness of the current

environment, while the other captured the effect of the past environment on the participants’

choices. Follow up simulations showed that the environment related regressors were critical in

reproducing the participants’ observed risk preference dynamics, but the accumulated reward

regressor was not.

Taken together, our results show that both environmental richness and the order in which

the environments are experienced affect human risk preference during economic decision-

making in a non-foraging task, as predicted by the risk-sensitive foraging theory. Our findings

suggest that humans make risky choices to maximize long-term fitness rather than utility, and
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the observed shifts in risk preference in foraging and non-foraging tasks can be understood

under the same principle of fitness maximization.

Results

Environmental richness affects participants’ risk preferences

We conducted two online experiments in which participants chose whether to accept or reject

risky gambles (Fig 1A) while experiencing environments of different richness (different reward

probability distributions; Fig 1B and 1C). Three environments (poor, intermediate, and rich in

the increasing order of mean reward probability) were used (Fig 1B). In Experiment 1, one

group of participants experienced the poor environment followed by the rich environment

(Poor-Rich or PR group), and the other group experienced the same environments in the

reverse order (Rich-Poor or RP group; Fig 1C, left). In Experiment 2, one group experienced

the poor environment, and the other group experienced the rich environment in-between two

intermediate environments (Intermediate-Poor-Intermediate or IPI group and Intermediate-

Rich-Intermediate or IRI group, respectively; Fig 1C, right). The rationale behind introducing

Experiment 2 was to assess the consistency of our results across different experiments and to

control for the influence of the environment that participants had encountered in previous tri-

als. In both experiments, participants were not given instructions regarding the presence of

distinct environments or the sequence in which they would encounter them.

On each trial, participants were presented with a risky gamble whose probability of success

(reward probability) and the associated gain (reward magnitude) were explicitly shown

(Fig 1A). Accepting the gamble led to a gain equal to the reward magnitude if successful and

led to nothing otherwise. Rejecting the gamble led to a guaranteed gain of 10 points. The

reward probability and magnitude were varied across trials. The proportion of gambles

accepted increased significantly with increasing reward magnitude and reward probability

(S1 Fig), showing that the participants understood and performed the task properly.

Fitness maximization predicts that participants’ risk preference will be modulated by the

environmental richness, such that the same option seems more attractive when experienced in

the poor environment than when experienced in the rich environment. This predicts that par-

ticipants will accept more gambles in the poor environment than in the rich environment. In

contrast, utility maximization predicts that environmental richness will not have any effect on

the participants’ risk preference. To illustrate this disparity in predictions arising from fitness

and utility maximizations, we conducted simulations of participants’ choices manipulating

both environmental richness and participants’ needs, defined as the minimum number of

points within a set of trials that a participant must earn to survive (Fig 1D). The results demon-

strate that the optimal risk preference with respect to the survival probability changes depend-

ing on the specific environmental and need conditions. It reveals that, as the environment

deteriorates and the need escalates, the optimal risk-aversiveness shifts towards risk-prone

behavior (i.e., decreased risk-averseness towards α<0; Fig 1D, top). In contrast, with respect to

the mean accumulated reward, being risk-neutral (i.e., risk-averseness α = 0) is always optimal

across varying environmental and need conditions (Fig 1D, bottom).

To test the foregoing predictions about the effect of environmental richness on participants’

risk preference, we analyzed the participants’ gambling tendencies on trials common to all

environments ("Analyzed trials" in Fig 1B; see Methods for details).

First, we plotted the proportion of gambles accepted as a function of the reward magnitude

and fitted sigmoid curves separately for the three reward probabilities (Fig 2A). We observed

trends indicating that the participants accepted more gambles for the same set of choices when

they were experienced in the poor than in the rich environment (Fig 2A, difference of the
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colors between the same line type), in accordance with our prediction. In both the first block

of Experiment 1 (Fig 2A, left) and the second block of Experiment 2 (Fig 2A, right), the groups

exposed to the poor environment accepted more gambles than those exposed to the rich

Fig 1. Behavioral task and its settings. (A) Timeline of a trial. On each trial, participants choose whether to accept or reject a risky gamble during the decision phase. The

gamble magnitude (reward magnitude) was shown in the center and the probability of success (reward probability) was shown as the proportion of a pie chart shaded in

blue. If the gamble was accepted, it led to a gain of the reward magnitude when successful and no gain if unsuccessful. Rejecting the gamble led to a sure gain of 10 points.

Participant’s choice was confirmed during the confirmation phase, and the points gained are shown during the feedback phase. (B) Settings of reward magnitudes and

reward probabilities for Experiment 1 (left) and Experiment 2 (right). During the poor, rich, and intermediate blocks, participants were presented with gambles with

parameters shown in the blue, yellow, and gray regions respectively. Note that participants were not informed about the presence of different environments. The order of

trials was randomized for each participant. Only those trials with gamble parameters shown as the thick unfilled circles were used for the data analysis, and these gamble

parameters were experienced in all the environments. Gambles with a reward magnitude of 10 were excluded from the analysis as they were catch trials (see Method for

details). (C) Order in which environments were experienced in Experiment 1 (left) and Experiment 2 (right). In Experiment 1, one group experienced the poor

environment followed by the rich environment (PR group), and the other group experienced the same environments in the reverse order (RP group). In Experiment 2,

one group experienced the poor environment, and the other group experienced the rich environment in-between two intermediate environments (IPI group and IRI

group, respectively). (D) Simulation of participants’ choices. Participants’ choices were generated using the risk-return model (Method), and risk-aversiveness α is plotted

against survival probability (top) and mean accumulated reward (bottom) for the poor (blue) and rich (orange) environments and varying need (represented by different

lines). In high, moderate, and low need conditions, the minimum number of points required for survival after 60 trials were set at 850, 1000, and 1150 points, respectively.

The optimal risk preference for survival probability, indicated by the unfilled circle, varies with specific environmental and need conditions. As the environment worsens

and needs increase, optimal risk-aversiveness shifts towards risk-prone behavior (decreases toward α<0). In contrast, the optimal risk preference for mean accumulated

reward remains constant across different environmental and need settings at risk-neutrality (α = 0).

https://doi.org/10.1371/journal.pcbi.1012080.g001

PLOS COMPUTATIONAL BIOLOGY Foraging in a non-foraging task

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012080 May 13, 2024 5 / 34

https://doi.org/10.1371/journal.pcbi.1012080.g001
https://doi.org/10.1371/journal.pcbi.1012080


environment. In Experiment 2, the two groups did not seem to differ in the proportion of gam-

bles accepted (Fig 2A, middle) during the first block, in which both groups experienced the

intermediate environment.

Formal statistical tests showed that the differences observed in the fitted sigmoid curves in

Fig 2A were significant. In the first block of Experiment 1, the PR group accepted significantly

more gambles than the RP group (p< 0.001; unpaired bootstrap test, one-tailed; see Methods

Fig 2. Participants accepted significantly more gambles in the poor environment than in the rich environment. (A) Proportion of gambles accepted for each

combination of the gambling parameters. The color of the lines and circles represents the group, and the color of the shades represents the environment. Circles

correspond to the proportion of gambles accepted by each group for each gamble presented. Lines are sigmoid curve fits to the proportion of gambles accepted by

each group for the three reward probabilities experienced in all the environments. Shaded regions are one-standard deviation confidence intervals of the sigmoid

curves computed by bootstrap. Separation of the orange and blue shaded lines for each reward probability shows that participants in the poor environment

accepted more gambles than those in the rich environment. (B) Significance tests for the effect of environmental richness on gambling propensity. Choices shown

in A were pooled for each environment and the proportion of gambles accepted were compared between environments (bootstrap test, one-tailed). The shaded

regions represent the variation, due to random samplings of participants, in the mean of the proportion of gambles accepted as computed by bootstrap. The

colored and black horizontal lines correspond to mean and 95% confidence intervals of the proportion of gambles accepted, respectively. *p< 0.05; ***p< 0.001.

https://doi.org/10.1371/journal.pcbi.1012080.g002
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for details; Fig 2B, left). Similarly, in the second block of Experiment 2, the IPI group accepted

significantly more gambles than the IRI group (p = 0.026; unpaired bootstrap test, one-tailed;

Fig 2B, right). In Experiment 2, to account for any differences in the initial risk tendencies and

to quantify the effect of experiencing different environments on participants’ risk preferences,

we revisited the foregoing comparison by subtracting the proportion of accepted gambles in

the initial block where both groups encountered the intermediate environment. We verified

that the IPI group exhibited a significantly greater increase in the proportion of gambles

accepted in the poor environment compared to the IRI group in the rich environment (S2 Fig;

p< 0.001; unpaired bootstrap test, one-tailed). There was no significant difference between

the two groups in the first block of Experiment 2 (p = 0.762; unpaired bootstrap test, one-

tailed) (Fig 2B, middle). Qualitatively the same results were obtained from the participant-level

analysis (S3 Fig).

Previously experienced environments affect participants’ risk preference

The foregoing findings show that the richness of the local environment in which an option is

experienced affects participants’ risk preference. In addition, the attractiveness of typical

choice options in the current environment can be affected by whether environments experi-

enced in the past were worse or better than the current environment. We hypothesize that

worse past environments will increase, and better past environments will decrease the attrac-

tiveness of typical choice options in the current environment. Thus, we predict that prior

exposure to either the rich or the poor environment will make participants more or less risk-

averse, respectively. In the simulations of survival probability, the predicted shift in partici-

pants’ risk preference is observed as a shift in the optimal risk preference towards risk-prone-

ness (i.e., decreased risk-averseness towards α<0) as need increases (Fig 1D, top). Note that

the accumulated reward after experiencing the rich environment is expected to be greater than

that after experiencing the poor environment. Thus, to fulfill their needs, participants will be

left with less to get (less need) after experiencing the rich as compared to the poor

environment.

In Experiment 1, if the environment experienced in the first block does not affect partici-

pants’ risk preference in the second block, then there should be no difference in the propor-

tion of the gambles accepted by the two groups across the two blocks. In contrast, our

hypothesis makes the prediction that the PR group should accept more gambles than the RP

group across the two blocks. In support of our hypothesis, we found that the PR group

accepted significantly more gambles than the RP group across the two blocks (Fig 3A, left;

p = 0.002; unpaired bootstrap test, one-tailed). Furthermore, the foregoing difference

between the PR and RP groups was significant for both the poor (Fig 3A, middle; p< 0.001,

unpaired bootstrap test, one-tailed) and rich environment (Fig 3A, right; p = 0.026, unpaired

bootstrap test, one-tailed).

In Experiment 2, the IPI and IRI groups experienced the poor and rich environment

before the final block of intermediate environment, respectively. If the nature of the previ-

ously experienced environment has no effect on the risk preference in the subsequent envi-

ronment, then there should be no difference between the choice tendencies of the two

groups during the final block. In contrast, our hypothesis predicts that, while there will be

downregulation in the proportion of gambles accepted during the final block as compared

to the first block in both the groups (as the need will be lower than the initial need in both

the groups), this downregulation will be small in the IPI group but much greater in the IRI

group (because experiencing the rich environment in the second block will lower need more

than experiencing the poor environment in the second block). While we found that the IPI
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group accepted more gambles than the IRI group during the final block, this difference did

not reach significance (Fig 3B, right; p = 0.125, unpaired bootstrap test, one-tailed). How-

ever, as predicted, the downregulation in the proportion of gambles in the final block as

compared to the first block was significantly greater in the IRI group compared to the IPI

group (Fig 3B, left; p = 0.006; unpaired bootstrap test, one-tailed). We also observed

qualitatively the same results when the same analysis was conducted at the participant level

(S4 Fig).

Fig 3. Effects of the past environment on participants’ risk preference. (A) In Experiment 1, significantly more gambles

were accepted when participants experienced the poor environment before the rich environment. The PR group accepted

significantly more gambles than the RP group (left), in both the poor (middle) and rich (right) environments (bootstrap

test, one-tailed). (B) In Experiment 2, while the IPI group accepted more gambles in the second intermediate environment

than the IRI group, the direct comparison of the second intermediate environment did not reach statistical significance

(left; bootstrap test, one-tailed). However, when comparing the change in the proportion of accepted gambles from the

first to the second intermediate environment, the IRI group exhibited significantly larger downregulation in the

proportion of gambles accepted than the IPI group (right; bootstrap test, one-tailed). The shaded regions represent the

variation, due to random samplings of participants, in the mean of the proportion of gambles accepted as computed by

bootstrap. The colored and black horizontal lines correspond to mean and 95% confidence intervals of the proportion of

gambles accepted, respectively. *p< 0.05; **p< 0.01; ***p< 0.001.

https://doi.org/10.1371/journal.pcbi.1012080.g003
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Fitting of computational models confirms the presence of the current and

past environment effects

So far, our group-level model-free analysis have demonstrated that participants’ risk prefer-

ences are influenced by both the richness of the current and past environment. Moving for-

ward, we will delve into participant-level model-based analysis to examine whether the impact

of the current and past environment can be elucidated as variations in the estimated values of

model parameters.

To this end we employed a risk-return model and prospect theory-based models (see Meth-

ods for details). In brief, the risk-return model captures the risk preference of each participant

with risk-aversiveness α. We predicted α to be smaller during and after experiencing the poor

environment as compared to the rich environment.

For the prospect theory-based models, we considered inclusion and exclusion of parame-

ters in the value function v(mi) and the probability weighting function π(pi), wheremi and pi
represent the reward magnitude and reward probability in the i-th trial, respectively. The

parameters λ and γ in the value function and probability weighting function, respectively,

are both risk-proneness parameters (see Methods for details). Hence, we predicted these

parameters to be greater during and after experiencing the poor environment compared to

the rich environment. Additionally, we considered utility functions in two forms: v(mi)π(pi)
(multiplicative model) and ð1 � wpÞvðmiÞ þ wppðpiÞ (additive model). The parameter wp in

the additive model serves as the weighting parameter for reward probability, interpretable in

our experimental context as a risk-aversiveness parameter, promoting the participants to

reject more gambles. Therefore, we predicted wp to be smaller during and after experiencing

a poor environment compared to a rich environment. In summary, our analysis encom-

passed the risk-return model, along with four variants (involving considerations of both

inclusion and exclusion of the parameters λ and γ) of the multiplicative model and the addi-

tive model. A sigmoid choice rule was commonly employed for all the utility models. All

computational models were then fitted to the trial-by-trial choices of each participant for

each environment using a Bayesian hierarchical expectation-maximization method

(Methods).

The model comparison with integrated Bayesian information criterion (iBIC) showed that

the best model was the additive model including both λ and γ (S1 Table). Within the multipli-

cative model, the best model was also the model including both λ and γ. Among the models

with two parameters, the risk-return model (that includes risk-aversiveness α and choice sto-

chasticity β) was the best model. Overall, the mean estimated value of λ in the additive and

multiplicative models were below one, and the mean estimated value of α in the risk-return

model was above one for all environments across two experiments, indicating participants’

inclination to risk-averse choice tendencies (S5 Fig).

We tested our predictions (one-tailed t-tests in the direction of our prediction with Bonfer-

roni correction) regarding the changes in risk-preference for each model parameter of the best

performing models separately (i.e., α for the risk-return model with, λ and γ for the multiplica-

tive model, λ,γ and wp for the additive model; S2 Table). The predicted changes in risk-prefer-

ence parameters were significant for the risk-aversiveness α of the risk-return model,

consistently across Experiment 1 and Experiment 2. This result underscores the influence of

both the current and past environmental effects on participants’ risk preferences.

Additionally, we also fitted the foregoing models by replacing the sigmoid choice rule with

an approach-avoidance choice rule (see Methods). In these models, the risk-proneness param-

eter η biases the probability of gambling by changing the maximum (if η<0) or minimum (if

η>0) probabilities to gamble in the sigmoid curve. The parameter η serves as a risk-proneness
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parameter, and, consequently, we predicted it to be greater during and after experiencing the

poor environment compared to the rich environment.

The model comparison of the approach-avoidance version of the models with iBIC showed

that the best model was the additive model including both λ and γ (S1 Table). Within the mul-

tiplicative models, the best model was also the one including both λ and γ. Among the models

with three parameters, the risk-return model (that includes α, β, and η) was the best model.

Lastly, model comparison between the approach-avoidance choice-based models and sigmoid

choice-based models were inconclusive, such that with the extra model parameter η, iBIC

improved for the risk-return model, but not for the multiplicative and additive models.

We tested our predictions (one-tailed t-tests in the direction of our prediction with Bonfer-

roni correction) regarding the changes in risk-preference for each model parameter of the best

performing models separately (i.e., α and η for the risk-return model, λ, γ and η for the multi-

plicative model, λ,γ,wp and η for the additive model; S3 Table). The predicted changes in risk-

preference parameters were significant for the risk-proneness η of the risk-return model, and

the risk-proneness γ of the multiplicative model, and the risk-proneness η of the additive

model, consistently across Experiment 1 and Experiment 2. This result confirms again the

influence of both the current and past environmental effects on participants’ risk preferences.

Temporally resolved analysis confirm the current and past environment

effects

To gain more insight into the dynamics by which participants’ risk preference are modulated

by the current and past environments, we sought to capture the trial-by-trial fluctuations in

the proportion of gambles accepted within each group across two experiments. To this end, we

calculated a moving average of the proportion of gambles accepted for each group in both

experiments (Fig 4A). We considered the preceding and succeeding two trials for any given

trial, resulting in a window size of 5 trials, for computing the moving average of the proportion

of gambles accepted (Methods).

The observed time-course of the proportion gamble accepted across the experiments con-

firmed the presence of the current environment effect (Fig 4B, top) as well as the past environ-

ment effect (Fig 4B, bottom). With respect to the current environment, in the first block of

Experiment 1, the mean proportion of gambles accepted was significantly higher for the PR

group (M = 0.66, SD = 0.03), which encountered the poor environment, than the RP group

(M = 0.51, SD = 0.04; unpaired t-test, one-tailed; t(130) = 23.6, p< 0.001), which encountered

the rich environment. Similarly, in the second block of Experiment 2, the mean proportion of

gambles accepted was significantly higher for the IPI group (M = 0.58, SD = 0.03), which

encountered the poor environment, than the IRI group (M = 0.53, SD = 0.03; unpaired t-test,

one-tailed; t(130) = 10.0, p< 0.001), which encountered the rich environment. These results

are consistent with the effect of the current environment seen in the block-wise analysis of the

proportion of gambles accepted (Fig 2B).

With respect to the past environment, across Experiment 1, the mean proportion of gam-

bles accepted by the PR group (M = 0.61, SD = 0.06) was higher than that accepted by the RP

group (M = 0.53, SD = 0.04; unpaired t-test, one-tailed; t(262) = 12.9, p< 0.001). In addition,

in both the poor and rich environments, the mean proportion of the gamble accepted by the

PR group (poor:M = 0.66, SD = 0.03, rich:M = 0.57, SD = 0.04) was higher than that by the RP

group (poor:M = 0.56, SD = 0.03, rich:M = 0.51, SD = 0.04; unpaired t-test, one-tailed; poor: t
(130) = 21.5, p< 0.001, rich: t(130) = 8.2, p< 0.001). For Experiment 2, the mean proportion

of gambles accepted by the IPI group during the final block (M = 0.58, SD = 0.02) was signifi-

cantly higher than that accepted by the IRI group (M = 0.54, SD = 0.02; unpaired t-test, one-
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tailed; t(76) = 7.3, p< 0.001). These results are consistent with the effect of the past environ-

ment seen in the block-wise analysis of the proportion of gambles accepted (Fig 3). Addition-

ally, the mean proportion of the gamble accepted in the first intermediate environment of

Experiment 2 was significantly different between the IPI group (M = 0.58, SD = 0.04) and the

IRI group (M = 0.60, SD = 0.02; unpaired t-test, two-tailed; t(76) = -3.0, p = 0.003). Consider-

ing that both groups experienced the same environment at the start of the experiment, the

observed difference is likely attributable to variations in participant sampling. This interpreta-

tion aligns with our earlier observation, wherein direct comparisons of the proportion of

Fig 4. Dynamics in participants’ risk preference across the experiment. (A) A moving average of the proportion of gambles accepted is computed for each group across

Experiment 1 (left) and Experiment 2 (right). Each data point represents the proportion of gambles accepted by participants in a given trial, along with the two preceding

and two succeeding trials, forming a window size of 5 trials. Vertical bars represent standard error. (B) The mean proportions of gambles accepted in each environment by

each group. In both experiments, the mean proportion of gambles accepted were significantly higher when participants are experiencing the rich as compared to the poor

environment (p< 0.001 for Experiment 1 and 2; top). In addition, the mean proportions of gambles accepted were significantly higher after participants experienced the

poor than the rich environment (p< 0.001 for poor & rich environment in Experiment 1 and for the second intermediate environment in Experiment 2; bottom). One-

tailed unpaired t-tests with Bonferroni correction were used for statistical comparisons of the proportion of gambles accepted (except for the comparison of the first

intermediate in Experiment 2 where two-tailed test was employed given the initial prediction that there is no difference.) Horizontal bars and unfilled dots represent the

mean and raw values of the proportion of gambles accepted, respectively. (C) Risk-aversiveness α of each group estimated by a particle filter. Shaded regions are 90%

confidence intervals for risk-aversiveness α. (D) Mean risk-aversiveness α estimated by the particle filter is plotted mirroring the format of (B). In both experiments,

participants were significantly more risk-averse when experiencing the rich as compared to the poor environment (p< 0.001 for Experiment 1 and 2; top). In addition,

participants were significantly more risk-averse after experiencing the rich rather than the poor environment (p< 0.001 for the poor & rich environment in Experiment 1

and for the second intermediate environment in Experiment 2; bottom). **p< 0.01; ***p< 0.001.

https://doi.org/10.1371/journal.pcbi.1012080.g004
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gambles accepted in the second block (Fig 2B, right) and the third block (Fig 3B, left) showed

improvement when the proportion of accepted gambles in the first block is subtracted (base-

line subtraction: Figs S2 and 3B, right).

Next, we estimated the risk preference of each group using a state-space model. In brief,

we assumed that each group made risky choices based on a temporally fluctuating and cor-

related risk-aversiveness and estimated its time-course from participants’ choices using a

particle filter (Fig 4C). In contrast to the assumption of independence made in the analysis

of the proportion of gambles accepted, this method operates under the presumption of tem-

poral correlation in participants’ risk-aversiveness. It estimates the participants’ risk prefer-

ence not solely from choices at the current time point but also leverages information from

temporally proximal trials. The overall flexibility of the dynamics is optimized by examining

the choice data across the entire experiment (see Methods for details). The risk-aversiveness

estimated by the particle filter showed significant negative correlation with the proportion

of the gamble accepted (Experiment 1: r = -0.91, p< 0.001; Experiment 2: r = -0.77,

p< 0.001).

The risk-aversiveness estimated by the particle filter yielded quantitatively consistent results

with the time-resolved analysis of the proportion of gambles accepted, highlighting the effects

of the current environment (Fig 4D, top) and past environments (Fig 4D, bottom) on partici-

pants’ risk preference. In the first block of Experiment 1 and in the second block of Experiment

2, participants were significantly more risk-averse when experiencing the rich (Experiment 1:

M = 2.00×10−2, SD = 0.07×10−2, Experiment 2:M = 1.94×10−2, SD = 0.05×10−2) as compared

to the poor environment (Experiment 1:M = 1.59×10−2, SD = 0.03×10−2; unpaired t-test, one-

tailed; t(130) = 41.6, p< 0.001; Experiment 2:M = 1.82×10−2, SD = 0.02×10−2; unpaired t-test,

one-tailed; t(130) = 16.5, p< 0.001). This shows that participants were consistently more risk-

averse in the rich than in the poor environment across both the experiments, highlighting the

effect of the current environment. Furthermore, in Experiment 1, the mean risk-aversiveness

estimated by the particle filter was consistently higher for the RP group than for the PR group

across the entire experiment (RP:M = 1.91×10−2, SD = 0.11×10−2, PR:M = 1.70×10−2,

SD = 0.13×10−2; unpaired t-test, one-tailed; t(262) = 14.4, p< 0.001), in the poor environment

(RP:M = 1.83×10−2, SD = 0.05×10−2, PR:M = 1.59×10−2, SD = 0.03×10−2; unpaired t-test, one-

tailed; t(130) = 33.4, p< 0.001), and in the rich environment (RP:M = 2.00×10−2,

SD = 0.07×10−2, PR:M = 1.82×10−2, SD = 0.06×10−2; unpaired t-test, one-tailed; t(130) = 15.0,

p< 0.001). In Experiment 2, the mean risk-aversiveness during the final block was signifi-

cantly higher for the IRI group (M = 1.90×10−2, SD = 0.02×10−2) than for the IPI group

(M = 1.80×10−2, SD = 0.003×10−2; unpaired t-test, one-tailed; t(76) = 32.5, p< 0.001). These

observations again highlight the effect of the past environment on participants’ risk

preference.

The performance of the particle filter estimation was verified by model recovery analysis

(S6 Fig). To further validate the estimated risk-aversiveness by the particle filter, we simulated

choice data based on the estimated values of risk-aversiveness and computed the proportion of

the gambles accepted across the experiments (S7 Fig A). The proportions of gambles accepted

for the simulated choices showed significant positive correlation with that of participants’

choices (Experiment 1: r = 0.63, p< 0.001; Experiment 2: r = 0.52, p< 0.001), and we observed

quantitively consistent results with respect to the effects of the current and past environments

(S7 Fig B).

Our findings from both the proportion of gambles accepted and the risk-aversiveness esti-

mated by the particle filter support our hypothesis that the nature of the current and past envi-

ronment affects participants’ risk preference.
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Environment-related variables affect participants’ risk preference

The results so far show that participants’ risk preference depends on both the current environ-

ment and the past environments. We next performed a regression analysis to elucidate which

experimental variables affected participants’ risk preference.

First, we predicted that the attractiveness of the same probability option will be higher in

the poor environment than in the rich environment, and this difference in attractiveness will

make the participants more risk-prone in the poor environment. We coded local attractiveness

regressor as the deviation of reward probability of the current option from the mean reward

probability of all gambling options in the environment (Δpc). Since the mean reward probabil-

ity was lower in the poor environment than in the rich environment, Δpc for the choice option

with the same reward probability was always higher in the poor environment than in the rich

environment, and we expected this variable to be positively correlated with participants’ gam-

bling choices.

Second, we predicted that typical choice options in an environment seem less attractive

when the environment is worse than the previously experienced environment and vice versa.

We coded the regressor for the effect of past environments on the attractiveness of choice

options in the current environment as the difference between the mean reward probability in

the current and past environments (Δpp). Thus, Δpp is negative when the current environment

is worse than the past environment and vice versa. We expected Δpp to be positively correlated

with participants’ gambling choices.

Additionally, we presumed that the attractiveness of the same option diminishes when the

total reward accumulated until the current trial is higher. To account for this, we introduced a

regressor of the total reward accumulated until the current trial as another regressor (Acc.

reward). This additional regressor, alongside the Δpc and Δpp, may capture the influence of the

current and past environmental effects. Specifically, it explores the possibility that participants

exhibit greater risk aversion during and after experiencing the rich environment compared to

the poor environment, as it is on average easier to accumulate more reward in the former envi-

ronment. We expected Acc. reward to be negatively correlated with participants’ gambling

choices.

We entered Δpc and Δpp as regressors of interest to capture the effects of current and past

environmental statistics, respectively. To control for the effect of the properties of the choice

option on the gamble acceptance rate, we included expected value (EV) and Risk as control

regressors. We expected participants to gamble more for higher EVs and gamble less for riskier

options. In addition, to control for the effect of the previous trial, we included regressors for

previous reward (Prev. reward), previous choice (Prev. choice) and their interaction (Prev.

success).

We ran a logistic regression on participants’ gambling choices with the foregoing eight

regressors: EV, Risk, Δpc, Δpp, Prev. choices, Prev. reward, Prev. success, and Acc. reward

(Fig 5; see Methods for details). This model showed the lowest value of BIC (Experiment 1:

16299, Experiment 2: 27756), outperforming the model only with EV and Risk (Experiment 1:

17094, Experiment 2: 29204), the model with EV, Risk, Δpc, and Δpp (Experiment 1: 16663,

Experiment 2: 28843), and the model with EV, Risk, Prev. choice, Prev. reward, Prev. success,

and Acc. reward (Experiment 1: 16819, Experiment 2: 28217).

For the full model, as expected, we observed significantly positive and negative regression

coefficients for EV and Risk consistently for all groups across the two experiments (Experi-

ment 1: bEV ¼ 1:938; p ¼ 0:002;bRisk ¼ � 0:876; p ¼ 0:002; Experiment 2:

bEV ¼ 2:135; p ¼ 0:002;bRisk ¼ � 1:056; p ¼ 0:002; one-sample bootstrap test against zero,

two-tailed with Bonferroni correction).
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In particular, as predicted, the regression coefficient for Δpc was significantly positive across

the two experiments (Fig 5; Experiment 1: bDpc ¼ 0:695; p ¼ 0:002; Experiment 2:

bDpc ¼ 0:521; p ¼ 0:002), suggesting that Δpc made a significant contribution to the partici-

pants’ tendency to gamble more when the same choice option was experienced in the poor

than in the rich environment. The regression coefficient for Δpp was also significantly positive

across the two experiments (Fig 5; Experiment 1: bDpp ¼ 0:459; p ¼ 0:007; Experiment 2:

bDpp ¼ 0:163; p ¼ 0:002), suggesting that Δpp made a significant contribution to the partici-

pants’ tendency to gamble more when the environment in which the choice was being made

was better than the previously experienced environment and vice versa.

In addition, the regression coefficients for Prev. choice were significantly positive across the

two experiments (Fig 5; Experiment 1: bPrev:choice ¼ 0:438; p ¼ 0:002; Experiment 2:

bPrev:choice ¼ 0:547; p ¼ 0:002). The regression coefficients for Prev. reward and Prev. success

were not significant across the two experiments (Fig 5; Experiment 1:

bPrev:reward ¼ � 0:033; p ¼ 1:000;bPrev:success ¼ � 0:094; p ¼ 0:403; Experiment 2:

bPrev:reward ¼ � 0:027; p ¼ 1:000;bPrev:success ¼ � 0:079; p ¼ 0:284). Lasty, the regression coeffi-

cient for Acc. reward was significantly negative for Experiment 1 and Experiment 2 (Fig 5;

Fig 5. Regressors capturing the relative attractiveness of a gambling option compared to other options in the

current and past environments play a significant role in explaining participants’ gambling propensity.

Participants’ gambling propensity was positively correlated with the deviation of reward probability of the current

gambling option from the mean reward probability of all gambling options in the current environment (Δpc).
Participants’ gambling propensity was also positively correlated with the difference between the mean reward

probability in the current and past environments (Δpp). Additionally, participants’ gambling propensity was negatively

correlated with the accumulated rearward (Acc. reward). Regressors with consistently significant regression

coefficients across the two experiments are noted in bold. Error bars represent 95% confidence bounds computed from

bootstrap. Two-tailed one-sample bootstrap tests against zero with Bonferroni correction were used for statistical tests

of regression coefficients. *p< 0.05; **p< 0.01.

https://doi.org/10.1371/journal.pcbi.1012080.g005
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Experiment 1: bAcc:Reward ¼ � 0:125; p ¼ 0:002; Experiment 2: bAcc:reward ¼ � 0:08; p ¼ 0:007),

suggesting that Acc. reward made a significant contribution in that participants’ tended to

gamble less when the accumulated reward is high.

Several regressors in our analysis were correlated and had a high variance inflation factor

(VIF; S4 Table). Although the bootstrapped confidence intervals of the regression coefficients

indicated a reasonable stability in their estimated values, we conducted several additional tests

to investigate the potential influence of multicollinearity. Specifically, we reran the regression

with L1 regularization, which robustly estimates regression coefficients in the presence of the

multicollinearity. In addition, we reran the regression with i) only the primary regressors (i.e.,

the regressors other than EV, Risk, Δpc, and Δpp are excluded), and ii) excluding regressors

that exhibited a VIF greater than five in either experiment (i.e., the regressors for EV, Risk,

and Prev. success were excluded; S8 Fig). The estimated coefficients from both the L1 regular-

ized regression and the regression with only the primary regressors showed no significant dif-

ferences compared to those estimated from the original regression (one-sample bootstrap test

against the estimated value in the original model, two-tailed with Bonferroni correction, all

p> 0.05). Significant differences were observed only in the regression that excluded regressors

with high VIFs. Specifically, the regression coefficient for Δpc was significantly different for

both Experiment 1 and Experiment 2 (both p = 0.001), and that for Δpp was significantly differ-

ent in Experiment 2 (p = 0.001). The elevated values of these regression coefficients are likely

due to the removal of the EV regressor, which exerted the largest influence on participants’

choices and showed positive association with Δpc and Δpp. Nevertheless, the estimated values

of the coefficients consistently exhibited the same signs in all regression analyses, and the over-

all results confirm a reasonable stability of the regression coefficients estimated from our origi-

nal model.

In summary, the regression results support our findings from the analysis of the proportion

of gambles accepted and from the estimation of participants’ risk aversion parameter using

particle filter (see previous sections), that both the richness of the current environment as well

as the relative nature of the past environments affect participants’ risk preferences.

Environment-related variables are necessary to explain participants’ risk

preference dynamics

Next, we simulated participants’ choices with significant regressors common to both experi-

ments (shown in bold in Fig 5), and computed the proportion of gambles accepted (simulation

1; see Methods), as we did for the real data (Fig 4A and 4B). To verify the importance of envi-

ronment-related variables Δpc and Δpp in explaining the participants’ risk preference dynam-

ics, we ran another simulation excluding the two environment-related regressors (simulation

2). For this simulation, the regression model without the two environment-related variables

was fitted to the participants’ choices for each experiment. The resulting estimated regression

coefficients were then employed for the simulation of choice data (S9 Fig).

In simulation 1 (Fig 6A and 6B), the proportion of gambles accepted was positively and sig-

nificantly correlated with that observed in the real choices (Experiment 1: r = 0.71, p< 0.001;

Experiment 2: r = 0.33, p< 0.001). Furthermore, we observed qualitative consistency between

the proportion of gambles accepted computed for the simulated choices and the real choices

for both Experiment 1 and Experiment 2, recovering the effects of the current environment

(Fig 6B, top) and past environments (Fig 6B, bottom). In the first block of Experiment 1 and in

the second block of Experiment 2, the mean proportions of gambles accepted in the simulated

choices were significantly higher in the poor (Experiment 1:M = 0.64, SD = 0.02, Experiment

2:M = 0.60, SD = 0.03) as compared to the rich environment (Experiment 1:M = 0.50,
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SD = 0.03; unpaired t-test, one-tailed; t(130) = 29.7, p< 0.001; Experiment 2:M = 0.52,

SD = 0.03; unpaired t-test, one-tailed; t(130) = 18.1, p< 0.001). Furthermore, in Experiment 1,

the mean proportion of gambles accepted were consistently higher in the simulated choices of

PR group than for the RP group across the entire experiment (PR:M = 0.61, SD = 0.04, RP:

M = 0.54, SD = 0.05; unpaired t-test, one-tailed; t(262) = 13.0, p< 0.001), in the poor environ-

ment (PR:M = 0.64, SD = 0.02, RP:M = 0.58, SD = 0.03; unpaired t-test, one-tailed; t(130) =

12.7, p< 0.001), and in the rich environment (PR:M = 0.59, SD = 0.02, RP:M = 0.50,

SD = 0.03; unpaired t-test, one-tailed; t(130) = 17.6, p< 0.001). In Experiment 2, the mean

proportion of gambles accepted for the simulated choices during the final block were signifi-

cantly higher for the IPI group (M = 0.60, SD = 0.03) than for the IRI group (M = 0.54,

Fig 6. Environment-related regressors are necessary in recovering the observed dynamics in risk preference. (A, B) Regressors shown in bold in Fig 5 and their

coefficients were used to simulate participants’ gambling choices (simulation 1, n = 120 for each group). The moving average of the proportion of gambles accepted for

each trial (A) and their environment-wise averages (B) were calculated for each group. The resulting dynamics showed close similarities with that computed from the real

data (Fig 4A), recovering the effect of the current (B top) and past (B bottom) environments. (C, D) The dynamics of the proportion of gambles accepted present in the

real data could not be recovered when the environment-related regressors Δpc and Δpp are excluded (simulation 2, the regressors shown in bold in S9 Fig and their

coefficients were used to simulate participants’ gambling choices; n = 120 for each group). (A, C) Error bars represent standard errors. Shaded regions are 95% confidence

intervals of the proportion of gambles accepted computed for the real data. (B, D) Horizontal bars and unfilled dots represent the mean and raw values of the proportion

of gambles accepted, respectively. One-tailed unpaired t-tests with Bonferroni correction were used for statistical comparisons of the mean proportion of gambles accepted

(except for the comparison for the first intermediate in Experiment 2 where a two-tailed test was employed given the initial prediction that there is no difference.)

***p< 0.001.

https://doi.org/10.1371/journal.pcbi.1012080.g006
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SD = 0.03; unpaired t-test, one-tailed; t(76) = 9.5, p< 0.001). All the foregoing simulation

results (simulation 1) are in accordance with the mean proportion of gambles accepted

observed in the participants’ real choices (Fig 4A and 4B).

In contrast, in simulation 2, where the environment-related regressors Δpc and Δpp were

excluded (Fig 6C and 6D), the observed proportion of gambles accepted were negatively corre-

lated with that observed in the real choices (Experiment 1: r = -0.25, p< 0.001; Experiment 2: r
= -0.35, p< 0.001). Furthermore, we did not observe qualitative consistency between the

mean proportion of gambles accepted computed for the simulated choices and the real choices

both for Experiment 1 and Experiment 2, failing to recover the effects of the current environ-

ment (Fig 6D, top) and past environments (Fig 6D, bottom). In particular, the mean propor-

tion of gambles accepted were higher during the rich than during the poor environment in the

first block of Experiment 1 (poor:M = 0.54, SD = 0.03, rich:M = 0.57, SD = 0.04) and in the

second block of Experiment 2 (poor:M = 0.54, SD = 0.03, rich:M = 0.60, SD = 0.03), contrary

to our prediction and the trends observed in the real data (Fig 4A and 4B).

To further assess the necessity of the environment-related regressors in explaining the

dynamics in participants’ risk preferences, we generated simulated choices by systematically

excluding each of the following regressors from the original model in separate iterations: Δpc,
Δpp, Prev. choice, and Acc. reward (S10 Fig). In the model where Δpc was excluded (S10A and

S10B Fig), the impact of the current environment deviated from the expected pattern (S10B

Fig, top), while the influence of the past environment aligned with the observed dynamics in

the real choices (S10B Fig, bottom). This observation supports the notion that Δpc, which

reflects the attractiveness of an option relative to others in the local environment, plays a criti-

cal role in explaining the effect related to the current environment.

Next, in the model where Δpp was excluded (S10C and S10D Fig), the effect of the current

environment remained consistent with the observed dynamics in real choices (S10D Fig, top),

while the impact of the past environment was notably attenuated (S10D Fig, bottom). This

observation supports the notion that Δpp, which reflects the attractiveness of an option relative

to others in the past environment, plays a crucial role in explaining the effect related to the

past environment.

Finally, contrasting with the preceding two models, in the models where Prev. choice (S10E

Fig) or Acc. reward (S10G Fig) was excluded, the observed patterns concerning both the cur-

rent environment (S10F Fig, top and S10H Fig, top) and past environment (S10F Fig, bottom

and S10H Fig, bottom) remained in alignment with the dynamics observed in real choices.

Additionally, considering the relatively high values of the regression coefficients for the

Prev. choice regressor (Fig 5), we conducted a subsequent regression analysis. In this iteration,

the model incorporated not only the original set of regressors but also included additional

regressors for choices made at two and three trials ago, and the moving average of the propor-

tion of gambles accepted across the experiments are computed for the choice generated (S11A

Fig). We confirmed qualitative consistency between the proportion of gambles accepted com-

puted for the simulated choices and the real choices for both Experiment 1 and Experiment 2,

again recovering the effects of the current environment (S11B Fig, top) and past environments

(S11B Fig, top).

In summary, the simulation results show that the environment-related regressors (Δpc and

Δpp) are necessary for recovering the risk preference patterns observed in the participants’

choices.

Thus, all our results, from proportion of gambles accepted, particle filter estimation and

logistic regression for the real and simulated data, show that the current and past environ-

ments play important roles in shaping a person’s risk preference. We suggest the relative
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attractiveness of a gambling option compared to the other options in the local environment

and compared to the past environments as a possible underlying psychological mechanism.

Discussion

In this study, we investigated the effect of environmental richness on participants’ risk prefer-

ence across two experiments. Phenomenologically, our findings were two-fold. First, we found

that the participants were consistently more risk-averse in the rich as compared to the poor

environment for the same set of choice options. Thus, the richness of the current environment

affected participants’ risk preference. Second, participants were more risk-averse in an envi-

ronment of intermediate richness after experiencing the rich as compared to the poor environ-

ment in the prior block. This shows that the richness of the past environment relative to the

current environment influenced participants’ risk preference–a deterioration in the environ-

mental richness rendered participants’ more risk-averse and vice versa. Regression analysis

showed that two regressors capturing the effects of the current and past environmental rich-

ness respectively were necessary to explain the participants’ risky choices in both the

experiments.

Our findings, that both the current and past environmental richness modulate participants’

risk preference, complement previous work showing that people’s risk preference is not a sta-

ble trait [8,10,12–15,17–20,22]. Utility maximization theories, which are used to explain

human risk preference in non-foraging situations, usually assume static risk preference.

Though dynamic risk preference can be explicitly modeled into economic utility maximization

theories of human risky choice, these theories do not explain peoples’ risk preference dynam-

ics. In contrast, ethological theories such as the risk sensitive foraging theory, in which risky

choice is guided by maximization of long-term fitness rather than utility, naturally explain

dynamic risk preference [34,36–39].

In risk sensitive foraging theory, animals’ rate of survival is maximized when animals adjust

their risk preference based on the balance between current physiological need and environ-

mental richness [36,37]. This principle has recently been tested in human risky choice experi-

ments, but the experimental paradigms were limited to foraging tasks in which the optimal

decision depends on the outcome of past choices or expected future opportunities [43,45,46].

Here we found that participants’ risk preference when making risky choice is dynamically

modulated even in non-foraging tasks, in which the optimal choice is independent of past out-

comes and future opportunities.

The risk-sensitive foraging theory predicts that participants’ risk preference will be modu-

lated by the mean rate of gain in the environment as well as the reward accumulated in the

past. This suggests that increasing environmental richness should increase risk-aversiveness

and vice versa [36,37]. To the best of our knowledge, this prediction has not yet been experi-

mentally investigated in humans. Our first finding, that participants are more risk-averse in

the rich than in the poor environment, is consistent with risk sensitive foraging theory’s pre-

dicted effect of environmental richness on risk preference. The risk sensitive foraging theory

further predicts that greater accumulated rewards will increase participants risk-aversiveness

and vice-versa. In accordance, we found that participants are more risk-prone after experienc-

ing the poor environment than after experiencing the rich environment.

To investigate whether the concept of accumulated reward in the risk-sensitive foraging for-

mulation explains the effect of past environments on the risk preference in our experiments,

we explicitly entered accumulated reward into our regression analysis to explain participants’

tendency to gamble. The risk-sensitive foraging theory predicts a negative regression coeffi-

cient for accumulated reward (Fig 5; Acc. reward). We found that the effect of accumulated
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reward was consistently negative across both experiments, as predicted. In addition, we found

that the Δpp regressor (difference in the mean reward probability of the current and past envi-

ronment), which captures the relative attractiveness of gambling options in the current envi-

ronment compared to those in the past environments (i.e., Δpp regressor captures how much

better the gambling options in the current environment are compared to those in the past

environment), was consistently positive and significant in both the experiments. We thus sug-

gest that the effect of the past environment on participants’ risk preference was mediated via

both the accumulated reward as well as an affect based psychological mechanism.

Taken together, our findings suggest that, like animal foraging behavior, human economic

decisions may be more comprehensively explained by the principle of fitness maximization

rather than by utility maximization. In addition, our behavioral results support the risk-sensi-

tive foraging theory, which is based on fitness maximization, as a valid model of human deci-

sion-making. Lastly, our regression results suggest that affect plays an important role in

human economic decisions [15,16,47].

Behavioral economics and recent decision making literature investigate how human deci-

sion biases occur by developing computational models that explain observed behavior better

than classical theories [6,48–50,23,26,24,30,27]. However, there is no consensus regarding why

these biases occur in human economic decision-making [1,51]. To tackle this issue, our pri-

mary focus in data analysis centered on descriptive statistics (see Figs 2, 3, 4A and 4B) rather

than constructing and testing specific computational models aimed at providing a mechanistic

account for the observed shift in risk preference during our experiment. We complemented

this approach with a computational model with minimal assumptions. Specifically, we

employed the risk-return model to encapsulate participants’ risk aversion with a single model

parameter within the utility function, and estimated its dynamic transition using a particle fil-

ter, which relies solely on the assumption of the Markov property in the temporal transition of

the risk aversion parameter (see Fig 4C and 4D). This analytical strategy was deliberately cho-

sen to contrast with the conventional method of analysis, wherein computational models are

intricately detailed for the construction of utility functions and its dynamics [23–27]. In doing

so, we aimed to provide a unique perspective by adopting an approach which allows us to test

the qualitative predictions made by the frameworks of fitness and utility maximization, incor-

porating minimal assumptions in our computational accounts.

Given the current results, we suggest the following adaptive and mechanistic explanations

[52] for the foregoing human economic decision biases. At the adaptive level, we suggest that

human economic decisions follow the ecological concepts of fitness maximization such that

the same ecological concepts for primary rewards such as food in animals also guide human

monetary decisions. At the mechanistic level, we suggest that the foregoing ecological similar-

ity between the treatment of monetary and primary rewards is psychologically implemented

via the human affective system in that it treats money in the same way as it treats food or

water. In other words, the human affective system has been adaptively tuned for fitness maxi-

mization under foraging and uses the same principles when processing economic information.

Thus, we suggest that at the emotional level humans treat money similar to food, and the affec-

tive inputs to the decision value in the context of monetary decisions automatically follow the

principle of fitness maximization.

Fitness maximization as a principle for human economic decision-making is gradually

drawing more attention in decision-making literature [40,53,54,41,55]. Fitness maximization

prescribes that humans should adaptively adjust their decision tendencies (such as risk prefer-

ence) as the external environment changes. Thus, to explain human decision-making in

dynamic external environments, it is critical to follow the temporal fluctuations in their deci-

sion tendencies. Several studies have investigated the effect of dynamic external environments
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on the time-dependence of decision parameters [56–59]. Behrens et al., found that the learning

rate changes with the volatility of the external environment in a reinforcement learning task

[56]. Garrett and Daw found that humans adjust their choices to maximize the rate of gain in

response to changes in mean reward rate [57]. Similarly, we here investigated the temporal

fluctuations of participants’ risk preference. Previous studies compared risk preference

between different conditions [13,20,14], or risk preference at different stages of the task

[45,46]. However, in the foregoing studies, analysis of risk preference was limited to coarsely

discretized time. In our current study, we analyzed trial-by-trial fluctuations in participants

risk preference, which is the finest decision timescale in discretized decision tasks.

Our current study has several limitations. First, while the fitness maximization framework

correctly predicted the behavior of the participants in our experiments, a critical constraint is

our inability to directly measure the participants’ internal needs or thresholds which may drive

their behavior. However, we note that in animal foraging, it is unlikely that animals adjust

their behavior through a direct computation of energy requirements (need); rather, they likely

rely on the feeling of hunger (affect). Similarly, we speculate that in our experiments, partici-

pants adjusted their choice propensity based on the subjective attractiveness of the option,

rather than through a direct computation of need per se. This speculation is partly supported

by the results of the regression analysis, but future studies are needed to further elucidate this

aspect.

Second, participants were not informed about the environment that they will experience.

Thus, they had to learn the reward statistics of the environment to adjust their choice behavior,

indicating that participants have robust reward memories. However, we did not assess such

learning effects as we refrained from constructing and testing specific computational models

with intricate utility functions tailored to specific contexts aimed at providing a mechanistic

account for the observed shift in risk preference during our experiment. As such, we did not

explicitly test models incorporating a dynamic utility function. Noteworthy concepts in rein-

forcement learning and decision-making literature, such as the negative contrast effect [60],

reference-point centering [26,31,32], range adaptation [26,33,32], and divisive normalization

[24,27,29,30], are likely to provide mechanistic accounts to our findings. For example, the two

environment-related regressors may be interpretable as range adaptions at two different time

scales. The effects of environment-related regressors (Δpc and Δpp) and their affect-based inter-

pretation we offered shines light on the question why such adaptation occurs at the two differ-

ent time scales. We hope that our findings lead to the exploration of computational models

with adaptations at multiple time scales in explaining human economic behavior.

Third, related to the previous caveat, our results of model fitting (S5 Fig, S1, S2 and S3

Tables) were inconclusive. The effects of the current and past environments were mediated by

different risk parameters depending on the choice of the utility model (the risk-return model,

and prospect theory-based multiplicative and additive models) and the choice rule (the sig-

moid choice rule and the approach-avoidance choice rule). We also note that the prospect the-

ory-based models might not be entirely suitable for the current experiments due to the

constrained range of reward probabilities. Despite this, we hope that the robust observation of

the current and past environment effects in our model-free analysis will prompt future studies

to delve deeper into the computational underpinnings behind the observed modulations in

risk preferences.

Fourth, our experiment exclusively involved gain-only gambles, intentionally omitting the

exploration of the impact of losses to avoid the added complexity associated with loss aversion.

Future studies may consider introducing sure losses to assess their effects. Fifth, since we did

not disclose the total number of trials, participants might have assumed that they lose time or

have other opportunity costs for every acceptance. Then, they might rationally reduce
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acceptance in the rich environments compared to the poor environments as they might

implicitly believe that they could “squeeze” one more trial in during the rich environment if

they move on quicker. This effect, somewhat akin to theories on patch leaving, can potentially

explain the observed effect of the current environment on participants’ gambling behavior.

Sixth, in Experiment 2, the two groups of participants showed a significant difference in the

proportion of gambles accepted during the first block, in which both groups experienced the

intermediate environment. Thus, direct comparisons of interest for the effect of the current

(Fig 2B; p = 0.026) and past environments (Fig 3A; p = 0.125) were much weaker than antici-

pated. However, after subtracting the performance during the initial block as baseline perfor-

mance, the comparisons of interest were robust for both the effects (current environment: S2

Fig, p< 0.001; past environment: Fig 3B, p = 0.006).

Lastly, the main manuscript reports only group-level analysis, and participant level-analysis,

wherever possible, is relegated to the supplementary sections of the manuscript. This is partly

due to the high noise associated with the particle-filter estimation of the risk parameter in the

state-space model (Fig 4C and 4D), making it impossible to reliably estimate the change in risk

preference of a single participant under the current experimental settings. This is most likely

because the noise associated with the observation process (the sigmoid choice model) is too

high. In addition, the computational cost of the particle filter algorithm was very high, such

that a single optimization procedure took about six hours. Additionally, the time-resolved

analysis (Figs 4A, 4B and 6) could only be done at the group-level. To maintain consistency,

we opted to report only group-level analysis in the main manuscript.

In summary, we have shown that under ecologically valid settings, human economic risk

preference depends on both the current and past environmental richness. We propose that

future studies should investigate the effect of both current and past environmental factors on

people’s risk preference when making real economic decisions. In addition, since we found an

effect of the past environment in our short duration online experiment, we suggest future stud-

ies should investigate the effect of long term exposure to different environments, for example,

the effect of economic wealth of one’s environment during childhood on human risk prefer-

ence in adulthood [61].

Methods

Ethics statement

This study was approved by Waseda University’s Review Board. Informed consent was

obtained from all participants prior to their participation in the study.

Participants

Participants were recruited online via the Japanese crowdsourcing website "Lancers (https://

www.lancers.jp/)." For Experiment 1, 300 participants were recruited, and 56 participants were

excluded from analysis following the a priori exclusion criteria (see below), leaving a final sam-

ple of 244 participants (age: 41.0+/-10.7; 93 female). For Experiment 2, 400 participants were

recruited, and 118 participants were excluded from the analysis, leaving a final sample of 282

participants (age: 39.9+/-11.2; 95 female). Participants received a fixed amount of 50 JPY

(approximately 0.5 USD at the time of the experiment) upon completing the task. This pay-

ment amount aligns with the compensation offered for similar tasks on Lancers. Informed

consent was obtained from all participants prior to their participation in the study. Partici-

pants were provided with detailed information regarding the study’s objectives, procedures,

potential risks and benefits, and their rights. This information was presented on a web page,

and participants expressed their consent by clicking a radio button with the option “Agree.”

PLOS COMPUTATIONAL BIOLOGY Foraging in a non-foraging task

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012080 May 13, 2024 21 / 34

https://www.lancers.jp/
https://www.lancers.jp/
https://doi.org/10.1371/journal.pcbi.1012080


The web-based consent form explicitly stated that clicking the “Agree” button indicated the

participant’s voluntary agreement to participate in the study. A copy of the consent informa-

tion was made accessible to participants for review, and the date and time of consent were

automatically recorded upon submission.

Behavioral task

Participants first provided their demographic information, such as age and gender. Then task

instructions were shown on the screen, which the participants could read at their own pace.

Understanding of the task rules was then tested via a brief multiple-choice quiz. Participants

were required to answer all the multiple-choice questions correctly to proceed to the next sec-

tion. If the participants gave a wrong answer, they saw a brief description of the task rules on

the screen and were redirected to the task instruction page. Once participants correctly

answered all the questions, they proceeded to a practice session consisting of five trials, after

which the main experiment started.

In both the practice session and the main experiment, participants repeatedly chose to

accept or reject a risky gamble (Fig 1A). Participants were instructed to maximize their gain.

The gain associated with a successful gamble (reward magnitude) was explicitly shown at the

center of the task screen. The probability of success of the gamble (reward probability) was

explicitly shown as the proportion of the pie chart shaded in blue. Accepting the gamble led to

the gain of points equal to the reward magnitude if successful and led to nothing otherwise.

Rejecting the gamble led to a guaranteed gain of 10 points. The reward magnitude and reward

probability were varied trial-by-trial (Fig 1B). Participants indicated their choice by pressing

the left or right arrow to select "Yes" or "No". The positions of options were fixed throughout

the experiment and randomized between participants. Participants were required to make

their choice within three seconds of presentation of the gamble (decision phase). The partici-

pants were able to change their choice during the decision phase if they wished to do so. After

the three seconds of the decision phase had elapsed, the participants’ final choice was

highlighted on the screen for one second (confirmation phase). After the confirmation phase,

the reward gained by the participants for that trial was displayed at the center of the screen for

one second (feedback phase). If the participants failed to respond during the decision phase,

no option was highlighted during the confirmation phase, a time-out message was displayed

on the screen during the feedback phase, and they did not receive any reward for that trial.

Overall, participants who met the inclusion criteria (see below) failed to respond on 0.37% of

trials in Experiment 1 and 0.26% of trials in Experiment 2.

Participants experienced multiple blocks of risky choices during the main experiment.

Between blocks, we manipulated the distribution of reward probability while keeping the dis-

tribution of reward magnitude fixed. Thus, consecutive blocks had different mean reward

probabilities, a detail that was not communicated to the participants during the experiment.

We refer to the different settings of reward probability distribution as the environment. Each

block consisted of one environment only and thus we refer to blocks as environments. In the

poor, intermediate, and rich environments, reward probabilities were uniformly distributed

with p = {0.2, 0.3, 0.4, 0.5, 0.6}, p = {0.4, 0.5, 0.6}, and p = {0.4, 0.5, 0.6, 0.7, 0.8}, respectively

(Fig 1B, x-axis). The distribution of reward magnitude was the same for each reward probabil-

ity and set asm = {15, 20, 25, . . ., 65} (Fig 1B, y-axis).

Within each environment (block), catch trials were presented randomly to assess the atten-

tion of the participants. Two types of catch trials were presented. One type had a gambling

option with a reward magnitude of 10 and a reward probability below 1. Since rejecting the

gamble results in a sure gain of 10 points, it is always better to reject the gamble in these trials.
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There were eight trials of this type in both the poor and rich environments, and three trials in

the intermediate environment. The second type of catch trial had a gambling option with a

reward probability of 1 and a reward magnitude above 10. Since accepting the gamble results

in a gain greater than 10 points, it is always better to accept the gamble in these trials. There

were three trials of this type in each of the poor, rich and intermediate environments. Choice

data of participants who responded incorrectly on more than 10% of the catch trials were

excluded from the analysis (see exclusion criteria below). The total number of trials during the

rich and poor environments was 66 (including 11 catch trials), and that during the intermedi-

ate environment was 39 (including 6 catch trials).

We conducted two experiments. In each experiment, two groups of participants experienced

different sequences of environment settings. In Experiment 1, one group experienced the poor

environment followed by the rich environment (Poor-Rich group or PR group, n = 108), and

the other group experienced the same environments in the reverse order (Rich-Poor group or

RP group, n = 136) (Fig 1C, left). There was a self-paced rest between the first and second envi-

ronments. In Experiment 2, one group experienced the poor environment between two inter-

mediate environments (Intermediate-Poor-Intermediate group or IPI group, n = 128), and the

other group experienced the rich environment between two intermediate environments (Inter-

mediate-Rich-Intermediate group or IRI group, n = 154) (Fig 1C, right). There was no rest

period between environments (blocks) in Experiment 2. In both experiments, participants were

randomly allocated to either group. All experiments were programmed in JavaScript.

Exclusion criteria

A priori exclusion criteria were applied to ensure data quality [62]. Specifically, we excluded

participants if they: (1) did not finish the task (Experiment 1, n = 1; Experiment 2, n = 23); or

(2) did not respond on at least 5% of the trials (n = 3, n = 7); or (3) made the same response on

all the trials (n = 1, n = 0); or (4) made an error in at least 10% of the catch trials (n = 51,

n = 88). Overall, 56 participants were excluded from Experiment 1, and 118 participants were

excluded from Experiment 2. Consequently, our final sample comprised 244 participants in

Experiment 1 and 282 participants in Experiment 2. Note that the data of participants who did

not complete the task (i.e., those who met exclusion criterion 1) are not included in source

datafiles stored in the GitHub repository provided below.

Behavioral analysis

To examine the effects of environmental richness on participants’ risk preference, we restricted

our analysis to only those trials whose gamble parameters, i.e., reward magnitude and reward

probability, were experienced in all the environments. Thus, only trials with a reward magni-

tude greater than 10 and with a reward probability of 0.4, 0.5, or 0.6 were included in the analy-

sis ("Analyzed trials" in Fig 1B). Trials with a reward probability of 0.2 and 0.3 in the poor

environment, a reward probability of 0.7 and 0.8 in the rich environment, and catch trials

were excluded from the analysis. Trials in which participants failed to respond were also

excluded from all analysis except for the analysis using a particle filter (see below), in which

they were treated as missing data.

We compared participants’ gambling tendency between different environments by compar-

ing the proportion of gambles accepted in each environment

q ¼
number of gambles accepted
total number of choices
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In our main analysis, instead of computing q for each participant (see Supporting informa-

tion for this measure), we computed q for a group by pooling all the choices of the participants

in that group. For example, let the ith group have N participants and let the complete choice

data of the jth participant in the ith group be cij. Then, given the pooled choice data for the ith

group {ci1,ci2,� � � ciN}, we computed the proportion of gambles accepted for the ith group as

qi ¼
PN

j¼1
nij

PN
j¼1
mij

ð1Þ

where nij andmij are the number of times the jth participant in the ith group accepted gambles

and made choices, respectively. We tested the statistical significance of the difference in qi
between the two groups in each experiment using the bootstrap procedure (Figs 2B and 3; see

below).

In the supplementary analysis, we computed the q for each participant (S3 and S4 Figs).

Note that the group-level analysis (main manuscript) and the participant-level analysis (sup-

plementary materials) of the proportion of gambles accepted should return the same results if

participants respond on all the trials. Given that participants responded on almost all the trials

(failure to respond rates were 0.37% in Experiment 1 and 0.26% in Experiment 2) and to main-

tain methodological consistency with the analysis of the proportion of gambles accepted across

trials and of the risk-aversiveness employing the particle-filter (Fig 4; details provided below

and in Discussion), in the main manuscript we chose to present the primary analysis of the

proportion of gambles accepted at the group-level (Figs 2B and 3).

Bootstrap and bootstrap testing

As the proportion of gambles accepted by the ith group qi represents a single value characteriz-

ing the choice tendency of a specific group, t-test is not applicable for the between-group com-

parison. Consequently, to capture the variability in the proportion of gambles accepted (Figs

2B and 3) or other statistics computed for pooled data (Figs 2A and 5), we performed boot-

strapping at the participant-level [63].

As mentioned in the foregoing section, we computed qi for each group (Eq 1). To estimate

the variability in qi, we first made a bootstrap sample fc∗i1; c
∗
i2; . . . c∗iNg of the original pooled

choice data {ci1,ci2,� � � ciN}, where c∗ij is the jth random draw from the original pooled choice

data with replacement. Then the proportion of gambles accepted for this bootstrap sample is

computed as

q∗i ¼
PJ

j¼1
n∗ij

PJ
j¼1
m∗
ij

ð2Þ

By repeating this procedure B times, we can obtain an empirical distribution of qi as

fq1
i ; q

2
i ; . . . qBi g. We set B = 9,999.

To formally test the significance of the test statistics, we performed bootstrap hypothesis

testing (Figs 2B and 3). For example, when we tested whether the proportion of gambles

accepted for the first group q1 was significantly greater than that of the second group q2, we

first computed the test statistic as the difference in the actual proportion of gambles accepted

by the two groups

D ¼ q1 � q2 ð3Þ
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Then we computed the null distribution of D as

Db
null ¼ ðq

b
1
� q1Þ � ðq

b
2
� q2Þ ð4Þ

where qb
1

and qb
2

were computed from the foregoing bootstrap procedure as in Eq (2), and Db
null

is the bth entry in the empirical distribution of Dnull(b = 1,2,� � �,9999). We then compared D
with Db

null to compute the p-value for the null hypothesis D�0 as

p ¼
1þ

PB
b¼1
IðDbnull � DÞ

1þ B
ð5Þ

where I(x) is an indicator function which is equal to 1 if x>0, and 0 otherwise.

Computational models and their fitting

We fitted choices of each participant in each environment with parametric decision models

employing various utility models and the choice rules (S5 Fig, S1, S2 and S3 Tables). For the

utility models, we used a risk-return model (or also known as mean-variance model) [5], and

prospect theory-based multiplicative and additive models. Denoting the reward magnitude

and reward probability of an option asm and p, respectively, the utility U of an option in the

risk-return model is:

U ¼ mp � am2pð1 � pÞ ð6Þ

Here the risk-aversion parameter α downregulates the utility of an option according to the

associated risk (i.e., variance in the outcome).

For the multiplicative model, the utility of an option is:

U ¼ vðmÞpðpÞ ð7Þ

Here the value function v(m) =mλ includes a risk-proneness parameter λ, and the Prelec’s

probability weighting function π(p) = exp(−(−logp)γ) includes a parameter γ. The model

parameter γ is interpretable as a risk-proneness parameter that facilitates the acceptance of

gambles. Specifically, for the reward probabilities of the analyzed trials (i.e., p = {0.4, 0.5, 0.6}),

π(p)�p when γ�1 and π(p)<p when γ<1. In this model, we considered combinations of both

inclusion and exclusion of the parameters λ and γ by setting their value to one when excluded.

This resulted in consideration of four utility models.

Similarly, for the additive model, the utility of an option is computed as follows:

U ¼ ð1 � wpÞvðmÞ þ wppðpÞ ð8Þ

Here the value function v(m) and the probability weighting function π(p) are the same as in

the case of the multiplicative model, but were normalized and their weighted sum is consid-

ered. The model parameter wp is interpretable in our experimental context as a risk-aversive-

ness parameter, promoting the participants to reject more gambles. As in the case of the

multiplicative model, we considered combinations of both inclusion and exclusion of the

parameters λ and γ, resulting in consideration of four utility models.

Choice probability to accept a gamble is commonly determined by a standard sigmoid

choice rule:

pgamble ¼
1

1þ e� bðUgamble� UsureÞ
ð9Þ
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where Ugamble and Usure are utilities for the gambling and sure options, respectively. Here the

inverse-temperature parameter β quantifies choice stochasticity.

Additionally, we considered an approach-avoidance choice rule, where the choice probabil-

ity to accept a gamble is given as follows [21]:

pgamble ¼

1 � Z

1þ e� bðUgamble� UsureÞ
þ Z; if Z � 0

1þ Z

1þ e� bðUgamble� UsureÞ
; otherwise:

ð10Þ

8
>><

>>:

Here the model parameter η biases the gambling propensity and is interpreted as a risk-

proneness parameter. It facilitates an acceptance of gamble when η>0 and vice versa.

These computational models were fitted to the trial-by-trial choices of each group of par-

ticipants in each environment with a Bayesian hierarchical expectation-maximization

method [64]. This method introduces group-level prior distributions, and model parameters

for each participant and hyper-parameters of the prior distribution are estimated together.

The prior distributions for each parameter are chosen to support appropriate ranges as fol-

lows: β ~ gamma distribution, α ~ normal distribution, γ ~ gamma distribution, λ ~ gamma

distribution, wp ~ beta distribution, and η ~ beta distribution (transformed to support the

range [–1, 1]). The initialization of prior distributions involves setting gamma and normal

distributions to support a broad range, while the beta prior distribution is initialized with a

uniform distribution.

Since we employed a hierarchical computational model with a group-level prior distribu-

tion, we used the integrated Bayesian Information Criterion (iBIC) for model selection, follow-

ing the recommendation of the previous study [65]. Lower values of iBIC indicate a more

favorable model fit.

Time-resolved analysis of the proportion of gambles accepted

To capture temporal variations in the proportion of gambles accepted across trials, we com-

puted its moving average at each trial (Fig 4A and 4B). Specifically, for the analyzed trials, let

the number of participants in a particular group that accepted the gamble on the ith trial be Ni,
and the number that responded on the ith trial beMi, we computed the moving average of the

proportion of gambles accepted for this trial as follows:

< qi >¼
Piþk

j¼i� k Nj
Piþk

j¼i� kMj

ð11Þ

Here we opted to set k = 2, forming a window size of 5 trials (excluding the beginning and

end of the experiments, where insufficient preceding or succeeding trials were available).

State-space model and particle filter

To capture temporal variations in risk preference across trials, we modeled the participants’

choices with a state-space model, commonly utilized in time series analysis (Fig 4C and 4D).

Our modeling approach involved representing each participant’s choice in the tth trial as gen-

erated from the reward magnitude and probability encountered by the participant on that trial

as well as the risk-averseness αt specific to the participant’s experimental group at that trial.

Notably, αt is a latent variable whose value remains unobservable. Consequently, its temporal

dynamics is inferred solely from the participants’ choices.
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In detail, we express the ith participant’s choice in the tth trial, denoted as yti, as a Bernoulli

trial,

yti � BernoulliðmtiÞ ð12Þ

Here, yti is an indicator variable, that takes 1 if the ith participant accepts the gamble in the

tth trial, and 0 otherwise. The probability μti represents the likelihood of the ith participant

accepting the gamble in the tth trial, and is modeled as a standard sigmoid choice rule,

mti ¼
1

1þ e� bDUti
ð13Þ

Here, the inverse temperature β captures the stochasticity of the choices and ΔUti denotes

the excess utility of accepting the gamble over rejecting it. The utility of a choice option was

modeled using a risk-return model as follows:

DUti ¼ ðmtipti � msÞ � atðm
2

tiptið1 � ptiÞÞ ð14Þ

Here,mti and pti are the reward magnitude and probability of the choice option that the ith

participant encounters in the tth trial, respectively, whilemS is the constant reward magnitude

for the sure option throughout the experiment. This utility function ensures that αt>0, αt = 0,

and αt<0 correspond to risk-averse, risk-neutral, and risk-prone choices tendencies, respec-

tively. We adopted the risk-return model because it demonstrated superior performance

among models featuring two parameters—one for risk preference and the other for choice sto-

chasticity. This model provides simple and interpretable insights into the temporal dynamics

of risk preference. The choice model specified in the above corresponds to “the observation

model” in the terminology of the state-space model.

Furthermore, we posit the stochastic transition of the risk-aversiveness αt that cannot be

observe directly as follows:

at � Cauchyðat� 1; sÞ ð15Þ

Here, Cauchy(x0,σ) is the Cauchy distribution with density pðxÞ ¼ s=ðpðs2 þ ðx � x0Þ
2
ÞÞ.

The free parameter σ captures the flexibility in the stochastic transitions of αt, and larger value

of σ allows more flexible transitions. This specification of the stochastic transition of a latent

variable is referred to as “the system model” in the terminology of the state-space model.

With the aforementioned observation model and system model, we employed a particle fil-

ter algorithm [66] to estimate the temporal dynamics of risk-aversiveness αt that cannot be

observed directly. This hidden variable was inferred solely from participants’ pooled choices

within each experimental group.

The foregoing model contains two free parameters: the flexibility σ in the transitions of risk-

aversiveness and the inverse temperature β. The values for these parameters were optimized so

that the likelihood for pooled choices was maximized for each group. Specifically, we

performed a grid search over the parameter grid of fifty equally spaced points between

10−5�logσ�10−1 and 10−1�β�1. In each iteration, the particle filter algorithm was run with

N = 10,000 particles, and with the initial estimate of risk-aversiveness α0*Norm(0,1). The

smoothing was carried out by the fixed-lag smoothing algorithm with a lag L = 20 as recom-

mended by Kitagawa[67]. We took the median of the smoothing distribution to be the optimal

estimate of the risk-aversiveness αt. For unanalyzed trials (see Fig 1) and trials with no response,

the participants’ choices were treated as missing data (i.e., for all environments, we only used

those trials which had a reward probability p = {0.4, 0.5, 0.6} and on which participants

responded, as in the rest of the analysis).
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We validated the particle filter’s estimation by applying it to simulated choices (S6 Fig).

Choices were simulated assuming a step change in the risk-aversiveness α. The particle filter

was able to recover the sudden change in risk-aversiveness when simulation parameters were

set close to that of the real experiment (number of trials in a block = 66, number of partici-

pants = 120, and Δα = 0.2×10−2), and Cauchy noise was assumed in the system model.

Logistic regression and simulation

To unravel the variables responsible for the pattern of shifts in the participants’ risk preference

observed in our experiments, we analyzed participants’ choices with a logistic regression at the

group level (Fig 5). Denoting the reward magnitude of a given gamble asm and reward proba-

bility as p, we used the following regressors in our analysis: i) the expected value (EV =mp), ii)

the risk of the gambling option (Risk =m2p(1−p)), iii) the deviation of reward probability of

the current option from the mean reward probability of all gambling options in the environ-

ment (Dpc ¼ p � pcmean , where pcmean represents the mean reward probability in the current

environment), iv) the difference between the mean reward probability in the current and past

environments (Dpp ¼ pcmean � ppmean , where ppmean represents the mean reward probability in the

previous environment), v) the previous choice (Prev. choice, an indicator variable that takes 1

if the previous choice was to accept the gamble, and 0 otherwise), vi) the previous reward

(Prev. reward, number of points gained in the previous trial), vii) the outcome of the previous

gamble (Prev. success, an indicator variable that takes 1 if the previous choice was to accept the

gamble and the gamble was successful, and 0 otherwise), and viii) the accumulated reward

(Acc. reward, accumulated number of the point up to the current trial normalized at the par-

ticipant level, normalize at participant-level). All regressors were computed for every trial,

pooled for each experiment, and subsequently z-scored. The model fitting process was then

carried out exclusively with the analyzed trials depicted in Fig 1B. The significance of the

regression coefficients was tested by the bootstrap test described above (See Methods: Boot-

strap and bootstrap testing).

To test the importance of environment-related regressors Δpc and Δpp in explaining partici-

pants’ risk preference dynamics, we simulated the choices of 120 participants with the esti-

mated values of regression coefficients (Fig 6) and computed the moving average of the

proportion of the gambles accepted. A regressor whose z-scored values were dependent on the

history of choices and/or rewards was pseudo-standardized by the mean and standard devia-

tion computed for the corresponding experimental group. First, we validated our simulations

by showing that simulations which included all the regressors whose regression coefficients

were consistently significant across the two experiments qualitatively reproduced the temporal

dynamics of the participants’ risk preference seen in the real data (simulation 1; Fig 6A). Next,

we tested whether simulations with all the foregoing regressors except the environment-related

regressors Δpc and Δpp could reproduce the temporal dynamics of the participants’ risk prefer-

ence seen in the real data (simulation 2; Fig 6B). For this simulation, we replicated the proce-

dure of the simulation 1, except that the regression coefficients estimated for the model

excluding Δpc and Δpp were employed in simulating choices.

Supporting information

S1 Table. Model comparions results. Integrated Bayesian information criterion (iBIC) of

models with the sigmoid and approach-avoidance choice rules were computed and compared.

A lower iBIC value indicates a better model performance.

(PDF)
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S2 Table. Results of hypothesis testing for the estimated parameters of the models with the

sigmoid choice rule.

(PDF)

S3 Table. Results of hypothesis testing for the estimated parameters of the models with the

approach-avoidance choice rule.

(PDF)

S4 Table. Correlation structure and VIF of regressors entered into the main regression

analysis. ***p< 0.001 (Bonferroni corrected).

(PDF)

S1 Fig. Participants inclination toward gambling exhibited a significant increase as the

reward magnitude and reward probability increased. Proportions of gambles accepted for

various combinations of gambling parameters were computed across all participants in each

experiment, and sigmoid curves were fitted using binomial regression. (A) Binomial regres-

sion results with reward magnitude as the explanatory variable showed a significantly positive

slope for the sigmoid curve in both Experiment 1 (Left, slope = 0.044, 95% CI = [0.040, 0.049])

and Experiment 2 (Right, slope = 0.041, bootstrapped 95% CI = [0.038, 0.045]). (B) Similarly,

binomial regression results with reward probability as the explanatory variable demonstrated a

significantly positive slope for the sigmoid curve in both Experiment 1 (Left, slope = 12.5,

bootstrapped 95% CI = [11.4, 13.6]) and Experiment 2 (Right, slope = 12.1, 95% CI = [11.3,

13.1]).

(TIF)

S2 Fig. IRI group exhibited a significantly greater decrease in proportion of gambles

accepted compared to the IRI group in the second block. A significance test for the effect of

environmental richness on gambling propensity. Change in the proportion of gambles

accepted from the first to the second environment are computed for each group and compared

(bootstrap test, one-tailed). Note that in the first environment both groups experienced the

intermediate environment, and in the second block IPI and IRI group experienced the poor

and rich environments, respectively. The shaded regions represent the variation, due to ran-

dom samplings of participants, in the mean change in the proportion of gambles accepted as

computed by bootstrap. The colored and black horizontal lines correspond to the mean and

95% confidence intervals, respectively. ***p< 0.001.

(TIF)

S3 Fig. Participants accepted significantly more gambles in the poor environment than in

the rich environment. Mean proportion of gambles accepted by each group during the first

environment of Experiment 1 (left) and during the first and second environments of Experi-

ment 2 (right). In both Experiment 1 and Experiment 2 (second environment), participants

accepted significantly more gambles during the poor environment than during the rich envi-

ronment. In contrast, when both groups (IPI and IRI) were experiencing the same intermedi-

ate environment in Experiment 2 (first environment), the difference in the proportion of

gambles accepted was not significant. One-tale bootstrap tests were used for the test of signifi-

cance. The circles and error bars represent the mean and standard error. The bubble plots rep-

resent the distribution of the proportion of gambles accepted by each participant. *p< 0.05;

***p< 0.001.

(TIF)

S4 Fig. Participants accepted significantly more gambles after experiencing the poor envi-

ronment than after experiencing the rich environment. (A) In Experiment 1, the group that
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experienced the poor environment first (PR group) accepted significantly more gambles than

the group that experienced the rich environment first (RP group) across the whole experiment

(left), and in both the poor (middle) and rich (right) environments. (B) In Experiment 2, the

IPI group accepted more gambles than the IRI group in the final block (second intermediate

environment), although this trend did not reach significance. One-tale bootstrap tests were

used for the test of significance. The circles and error bars represent the mean and standard

error. The bubble plots represent the distribution of the proportion of gambles accepted by

each participant. *p< 0.05; **p< 0.01; ***p< 0.001.

(TIF)

S5 Fig. Estimated parameters of the risk-return and prospect theory-based models with

the sigmoid choice rule. Model parameters were estimated from the trial-by-trial choices of

each participant for each environment. (A) Risk-aversiveness α of the risk return model esti-

mated for Experiment 1. (B) Risk-proneness γ of probability weighting function (left) and

risk-proneness λ of the value function (right) of the multiplicative model estimated for Experi-

ment 1. (C) Risk-proneness γ of probability weighting function (left), risk-proneness λ of the

value function (middle), and risk-aversiveness wp (right) of the additive model estimated for

Experiment 1. (D-F) Mirroring the format of A-C but are plotted for Experiment 2. The filled

circles and colored bars denote the means and their respective standard errors. Unfilled circles

signify the estimated values of the parameters for each participant within each environment.

(TIF)

S6 Fig. Validation of the particle filter. Choices were simulated assuming a step change in

the risk-aversiveness α (black). Then, the particle filter was used to estimate the risk-aversive-

ness from the simulated choices (green and purple lines). The particle filter was able to recover

the sudden change in risk-aversiveness when simulation parameters were set close to that of

the real experiment (number of trials in a block = 66, number of participants in a group = 120,

and Δα = 0.2×10−2) and Cauchy noise was assumed in the system model (green line, top left).

The shaded regions represent the 90% credible intervals of the risk-aversiveness estimate by

the particle filter.

(TIF)

S7 Fig. Dynamics in the simulated choices generated from the risk-aversiveness estimated

by the particle filter. (A) A moving average of the proportion of gambles accepted is com-

puted for the simulated choices of each group (n = 120) across Experiment 1 (left) and Experi-

ment 2 (right). Each data point represents the proportion of gambles accepted in current trial

and the preceding and succeeding two trials, forming a window size of 5 trials. Error bars rep-

resent standard errors. (B) Mean proportion of gambles accepted in each environment by each

group. In both experiments, simulation showed that the proportion of the gambles accepted is

significantly higher during the rich as compared to the poor environment (p< 0.001 for

Experiment 1 and 2; top). In addition, the proportion of the gambles accepted was significantly

higher after experiencing the poor rather than the rich environment (p< 0.001 for poor & rich

environment in Experiment 1 and for the second intermediate environment in Experiment 2;

bottom). One-tailed unpaired t-tests with Bonferroni correction were used for statistical com-

parisons of proportion of gambles accepted (except for the comparison for the first intermedi-

ate in Experiment 2 where two-tailed test was employed given the initial prediction that there

is no difference.) ***p< 0.001.

(TIF)

S8 Fig. Stability of the estimated regression coefficient. Regression coefficients estimated for

each experiment with the full model (white; identical to Fig 5), full model with L1
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regularization (blue), the model with only the primary regressors (EV, Risk, Δpc, and Δpp;
pink), and the model excluding regressors with a VIF greater than five in either experiment

(grey; see S4 Table for the values of VIF). Error bars represent 95% confidence bounds com-

puted from bootstrap.

(TIF)

S9 Fig. Regression coefficient estimated for the model excluding the environment-related

regressors. Mirroring the format of Fig 5, but plotted for the model excluding the two envi-

ronment-related regressors, Δpc and Δpp. Regressors with consistently significant regression

coefficients across the two experiments are noted in bold. Error bars represent 95% confidence

bounds computed from bootstrap. Two-tailed one-sample bootstrap tests against zero with

Bonferroni correction were used for statistical tests of regression coefficients. **p< 0.01.

(TIF)

S10 Fig. Δpc and Δpp are necessary for recovering the current and past environment effects,

respectively. (A, B) The simulation results of the model excluding Δpc (n = 120 for each

group). The moving average of the proportion of gambles accepted for each trial (A) and their

environment-wise average (B) were calculated for each group. (C, D) Mirroring the format of

A & B but plotted for the model excluding Δpp. (E, F) Mirroring the format of A & B but plot-

ted for the model excluding Prev. choice. (G, H) Mirroring the format of A & B but plotted for

the model excluding Acc. reward. (A, C, E, G) Error bars represent standard errors. Shaded

regions are 95% confidence intervals of the proportion of gambles accepted computed for the

real data. (B, D, F, H) Horizontal bars and unfilled dots represent the mean and raw values of

the proportion of gambles accepted, respectively. One-tailed unpaired t-tests with Bonferroni

correction were used for statistical comparisons of the mean proportion of gambles accepted

(except for the comparison for the first intermediate in Experiment 2 where two-tailed test was

employed given the initial prediction that there is no difference.) *p< 0.05; ***p< 0.001.

(TIF)

S11 Fig. Incorporating regressors for the choices made two and three trials ago did not

alter the outcome. The simulation results of the model including regressors for two and three

trials ago on top of the regressors in the original model (n = 120 for each group). (A) The mov-

ing average of the proportion of gambles accepted for each trial. Error bars represent standard

errors. Shaded regions are 95% confidence intervals of the proportion of gambles accepted

computed for the real data. (B) The mean proportion of the gamble accepted for each environ-

ment. Horizontal bars and unfilled dots represent the mean and raw values of the proportion

of gambles accepted, respectively. One-tailed unpaired t-tests with Bonferroni correction were

used for statistical comparisons of the mean proportion of gambles accepted (except for the

comparison for the first intermediate in Experiment 2 where two-tailed test was employed

given the initial prediction that there is no difference.) ***p< 0.001.

(TIF)
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