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Abstract

Younger and older adults often differ in their risky choices. Theoretical frameworks on

human aging point to various cognitive and motivational factors that might underlie these dif-

ferences. Using a novel computational model based on the framework of resource rational-

ity, we find that the two age groups rely on different strategies. Importantly, older adults did

not use simpler strategies than younger adults, they did not select among fewer strategies,

they did not make more errors, and they did not put more weight on cognitive costs. Instead,

older adults selected strategies that had different risk propensities than those selected by

younger adults. Our modeling approach suggests that age differences in risky choice are

not necessarily a consequence of cognitive decline; instead, they may reflect motivational

differences between age groups.

Author summary

What are the psychological mechanisms underlying adult age differences in economic

decision making? We investigated this question with a model based on the framework of

resource rationality, which posits that people adaptively use the cognitive resources avail-

able to them. Unlike commonly used economic models of decision making, this model

can shed light on the cognitive processes that drive age differences in choice. Our findings

show that younger and older adults use different decision strategies and that the age differ-

ences are not necessarily the result of cognitive decline; instead, they may be a result of

age differences in motivational factors. By providing novel insights into the psychological

mechanisms of age differences in decision making, our modeling approach can inform

interventions and choice architectures supporting older adults’ decision making.

Introduction

Decision making differs between younger and older adults. In decisions under risk, older

adults have often been found to show lower decision quality than younger adults—that is, to

be less likely to choose the option with the higher expected value [1]. Age differences in risk
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aversion have also been observed—that is, in how often a decision maker chooses the option

with the less variable range of possible outcomes. Findings on the direction of age differences

in risk aversion are heterogeneous, depending also on the characteristics of the decision task

[2]. For instance, whereas in choices between a risky and a safe option older adults are more

risk averse than younger adults [3, 4], in choices between two risky options they are equally or

even more risk seeking [5–9].

What drives age differences in risky decision making? Several lines of research point to cog-

nitive and motivational changes across the lifespan that might also be relevant for decision

making and thus help explain the observed age differences in risky choice. In terms of age-

related cognitive decline, for instance, it has been concluded that older adults rely on simpler

cognitive strategies (e.g., in reinforcement-learning, judgment, or working-memory tasks

[10–14]) and make more errors [1] than younger adults. Moreover, older adults show less flex-

ibility in adjusting cognitive processes to the situation [13, 15–17] and they may make different

trade-offs between the complexity of a cognitive process and its potential benefits [18]. These

changes due to age-related cognitive decline might affect the mental operations selected by a

decision maker when making risky choices.

Age-related changes in motivational factors involved in decision making may also help

explain age differences in risky choice. For instance, older adults report experiencing more

positive and less negative affect than younger adults [19, 20], and precisely this pattern of more

positive and less negative affect has been linked to increased risk taking [21, 22]. Further, older

adults attend more strongly to positive than to negative information [23] and they focus more

on positive emotions when making risky choices than do younger adults [3, 24]. Finally, older

adults differ from younger adults in their sensitivity to potential gains and losses [25–27] and

it has been proposed that the motivation to prevent losses increases with age [28].

To date, a rigorous application of these theoretical perspectives on aging to decisions under

risk has been difficult. Age differences in risky choice are commonly modeled with expected

utility theory and extensions thereof, such as cumulative prospect theory [29] (see, e.g., [1, 2, 4,

5, 7]). It is challenging, however, to link age differences measured with expected utility models

to age-related changes in cognition, affect, and motivation. The reason is that expected utility

theories are premised on psychoeconomic curves that describe how the mapping of objective

outcomes and probabilities onto subjective values deviates from what is mandated by norma-

tive accounts. However, these psychoeconomic curves are not intended to describe psychologi-

cal processes [30, 31]. Consequently, it is not exactly clear how age-related cognitive and

motivational differences would be reflected in models in the expected utility tradition, which

makes it difficult to test the different theoretical perspectives on psychological factors poten-

tially underlying age-related differences in risky choice.

Recently, the theory of resource-rational strategy selection [32] has been proposed to

describe the adaptive use of different cognitive strategies in decision making. Building on ideas

of Payne, Bettman & Johnson [33], this theoretical framework assumes that decision makers

are equipped with a toolbox of cognitive strategies from which they select a strategy for a given

choice problem based on cost–benefit considerations. These strategies can follow different

simplifying principles—for example, limiting evaluation to given aspects of the choice options

or specifying how information is integrated during the evaluation of choice options [34, 35].

They thus differ in their cognitive costs and ability to identify the option with the higher

expected payoff. According to the theoretical framework of resource-rational strategy selec-

tion, the decision maker selects that strategy that in a given choice problem strikes the best bal-

ance between the expected payoff and the cognitive cost of implementing the strategy—in

other words, the decision maker makes optimal use of their finite cognitive resources. Individ-

uals can differ in their cognitive resources and therefore put different weights on the cognitive
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costs during strategy selection. For example, when cognitive resources are experimentally con-

strained, people shift to simpler decision strategies [36, 37], which can produce differences in

risk aversion [37]. In contrast to models in the expected utility tradition, models of cognitive

strategies can be interpreted as accounts of cognitive processes [33, 35, 38]. The framework of

resource-rational strategy selection thus allows for a more seamless connection between psy-

chological theories of aging and models of decision making under risk by helping to disentan-

gle the cognitive and motivational factors that impact strategy selection.

In this article, we apply, to our knowledge for the first time, the framework of resource-

rational strategy selection to model age differences in risky choice. We re-analyze data by

Pachur, Mata & Hertwig [5], in which 60 younger and 62 older adults made risky choices in a

set of 105 choice problems (mostly consisting of two risky options). In additional tasks, older

adults showed lower fluid cognitive abilities and reported less negative and more positive affect

than younger adults. We examined five hypotheses for the risky choice data (all but the first

and last were preregistered at osf.io/k9sx2). The first hypothesis assumes that age differences

in risky choice reflect differences in strategy use, without distinguishing between cognitive and

motivational factors driving these differences. The other four hypotheses follow from the

notion of age-related cognitive decline.

Strategy-distribution hypothesis. There are qualitative differences in the distribution of strate-

gies selected by younger and older adults.

Strategy-complexity hypothesis. Older adults use less complex strategies than younger adults

[10–12, 14].

Toolbox-size hypothesis. Older adults have fewer strategies in their mental toolboxes than

younger adults. Because the computational demands of strategy selection may increase with

the number of cognitive strategies available [39], limiting the number of strategies should

reduce cognitive demands.

Strategy-selection hypothesis. Due to their lower cognitive resources [40], older adults put more

weight on the cognitive cost of a strategy during strategy selection than do younger adults.

Strategy-execution hypothesis. Older adults are more error-prone in executing strategies

[41–43].

Results

In a first step, we characterized participants’ choices in terms of decision quality and risk aver-

sion. To quantify decision quality, we determined for each choice problem whether a partici-

pant had chosen the option with the higher expected value (which reflects the long-term

payoff of choosing the respective option). To quantify risk aversion, we determined for every

trial whether a participant had chosen the option with the lower coefficient of variation [44].

We used mixed-effects logistic regression to examine whether younger and older adults dif-

fered in decision quality and risk aversion, with either decision quality or risk aversion as the

dependent variable and with age group (younger vs. older), problem domain (gain, loss, or

mixed) and their interaction as fixed effects; we included random intercepts for participants

and choice problems. Reproducing the results by Pachur, Mata & Hertwig [5], the analyses

showed that older adults had lower decision quality than younger adults in loss problems

(b = −0.33, 95%credible interval (CI) = [−0.54, −0.11], Cohen’s d = −0.19; see bars in Fig 1),

and lower risk aversion than younger adults in gain problems (b = −0.42, CI = [−0.60, −0.23],

d = −0.23) and mixed problems (b = −0.33, CI = [−0.52, −0.14], d = −0.19, see bars in Fig 1).
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To examine how these differences between younger and older adults in risky choice are

reflected in the resource-rational strategy selection model, we applied the model to each indi-

vidual’s choice data. According to the model, choices result from the use of different cognitive

strategies that are selected from a toolbox of strategies contingent on the properties of the cur-

rent choice problem. We considered 11 strategies that have been proposed for risky choice

(Table 1); the strategies differ in complexity and have been shown to give rise to systematically

different degrees of risk aversion [45]. A key assumption of the resource-rational strategy

selection model is that the decision maker selects a strategy for each choice problem by weight-

ing its expected payoff against its cost. The weighting of the strategy’s cost is controlled by the

cost-weighting parameter δ; larger values of δ reflect a larger weight being given to strategy

cost during strategy selection. The selected strategy is then executed with a trembling-hand

error (expressing the proportion of cases in which an option other than that predicted by the

strategy is chosen), to account for potential noise in the application of the strategy [46]. All

model parameters (including the size and the composition of the strategy toolbox) were esti-

mated from the data for each participant and are assumed to be constant across choice

problems.

To examine to what extent the resource-rational strategy selection model was able to cap-

ture the participants’ choices, we conducted posterior predictive checks. For this purpose, we

used each individual’s best-fitting parameter values and toolboxes to simulate choices in the

choice task; as the model predicts a choice probability (that is governed by the trembling-hand

error parameter), we repeated this 100 times. For each participant, we computed the propor-

tion of trials in which the choice predicted by the model matched the empirically observed

choice. The proportion of matching choices was, on average, 0.62 in both younger adults

(range: 0.52–0.80) and older adults (range: 0.51–0.89). A two-sided Bayesian t-test indicated

moderate evidence that the match of the simulated with the actual choices did not differ

between age groups (BF10 = 0.22). In other words, the resource-rational strategy selection

model captured the choices of both age groups equally well.

As a further test of model fit, we assessed how well the resource-rational strategy selection

model captured the empirically observed pattern of age differences in decision quality and risk

aversion. To that end, we analyzed the choices simulated by the model based on the best-fitting

parameter values in terms of decision quality and risk aversion (averaged across the 100 model

simulations) with a mixed-effects beta regression with age group (younger vs. older), problem

domain (gain, loss, and mixed), and their interaction as fixed effects, and random intercepts

Fig 1. Decision quality (left) and risk aversion (right) by problem domain and age group. Bars show the empirically observed behavior (error bars

represent the standard error of the mean), red dots show the average predictions of the model simulations.

https://doi.org/10.1371/journal.pcbi.1012204.g001
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for participants and choice problems (similar to the structure of the regression models used to

analyze the empirical data). Mirroring the empirical findings, the simulated choices of older

adults showed lower decision quality than those of younger adults in loss problems, although

the 95% credible interval did not exclude 0 (b = −0.05, CI = [−0.19, 0.09], d = −0.05; see dots in

Fig 1). Furthermore, the simulated choices of older adults showed lower risk aversion than

those of younger adults in gain problems (b = −0.12, CI = [−0.20, −0.03], d = −0.10) and mixed

problems (b = −0.12, CI = [−0.21, −0.03], d = −0.10). In sum, the resource-rational strategy

selection model captured the age differences in risky choice, although the differences as

reflected in the model were somewhat less pronounced than the empirically observed ones.

Additionally, we compared for each participant their empirically observed decision quality

and risk aversion (pooled across all three problem domains) against the decision quality and

risk aversion of the choices simulated with their best-fitting model parameters (Fig 2). The

higher a participant’s decision quality, the higher was the decision quality of their simulated

choices (r = 0.91, BF10 = 5.7 × 1041). Moreover, the higher a participant’s risk aversion, the

higher was their simulated risk aversion (r = 0.79, BF10 = 3.1 × 1023). This analysis shows that

the resource-rational strategy selection model captured the individual differences between par-

ticipants in choice behavior well.

We also compared the resource-rational strategy selection model with cumulative prospect

theory [29], arguably the most prominent model for risky choice. Cumulative prospect theory

Table 1. Proposed Cognitive Strategies for Risky Choice [34, 35].

Strategy Description

Minimax Choose the option with the highest minimum outcome.

Maximax Choose the option with the highest outcome.

Least-likely Identify each option’s worst outcome. Then choose the option with the lowest probability of the

worst outcome.

Most-likely Identify each option’s most likely outcome. Then choose the option with the highest most likely

outcome.

Better-than-

average

Calculate the grand average of all outcomes from all gambles. For each gamble, count the

number of outcomes equal to or above the grand average. Then select the gamble with the

highest number of such outcomes.

Equal-weight Calculate the sum of all outcomes within a gamble. Choose the gamble with the highest sum.

Tallying For gamble problems in the gain domain, give a tally mark to the gamble with (a) the higher

minimum gain, (b) the higher maximum gain, (c) the lower probability of the minimum gain,

and (d) the higher probability of the maximum gain. For gamble problems in the loss domain,

replace “gain” by “loss” and “higher” by “lower” (and vice versa). Select the gamble with the

highest number of tally marks.

Probable Categorize probabilities as “probable” (i.e., p� .5 for a two-outcome gamble) or “improbable.”

Cancel improbable outcomes. Then calculate the arithmetic mean of the probable outcomes for

each gamble. Finally, select the gamble with the highest average payoff.

Lexicographic Determine the most likely outcome of each gamble and their respective payoffs. Then select the

gamble with the highest most likely payoff. If all payoffs are equal, determine the second most

likely outcome of each gamble and select the gamble with the highest (second most likely)

payoff.

Priority heuristic Go through attributes in the following order: minimum gain, probability of minimum gain,

and maximum gain. Stop examination if the minimum gains differ by 1/10 or more of the

maximum gain; otherwise, stop examination if the probabilities differ by 1/10 or more of the

probability scale. Choose the option with the most attractive gain (probability).

Weighted-

additive

For each gamble, sum up the possible outcomes weighted by their probabilities. Choose the

option with the highest weighted sum.

Note. Descriptions of strategies are adopted from [47].

https://doi.org/10.1371/journal.pcbi.1012204.t001
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showed a better fit for the choice data in terms of higher log-likelihoods (Table 2). While this

pattern was evident in both age groups, it was more pronounced for the younger adults than

for the older adults. This analysis does not take into account differences in model complexity

because quantifying the number of free parameters of the resource-rational strategy selection

model is not straightforward due to the categorical, high-dimensional nature of the strategy

toolbox parameter. With that limitation in mind, we can conclude that cumulative prospect

theory describes the choice data better than the resource-rational strategy selection model.

Importantly, however, cumulative prospect theory does not allow insights into the cognitive

processes underlying people’s choices.

Do younger and older adults rely on different strategies?

To assess possible age differences in strategy use, we used the best-fitting parameters of the

resource-rational strategy selection model for each individual to compute how often the selec-

tion of each strategy was predicted in the two age groups (Fig 3). We normalized the strategy

counts by dividing each count by the number of simulation runs. A Bayesian contingency-

table test showed that there was strong evidence that the distribution of strategies differed

between age groups (BF10 = 1.6 × 10163, Cramér’s V = .25). According to the estimated model,

the most frequently used strategies were the minimax heuristic, the least-likely heuristic, the

priority heuristic, the equal-weight heuristic, and the maximax heuristic. Younger adults were

estimated to rely more frequently than older adults on the minimax heuristic, the least-likely

heuristic, and the priority heuristic; older adults were estimated to rely more frequently than

younger adults on the equal-weight heuristic and the maximax heuristic. Note that the

Fig 2. Comparison of simulated (based on the fitted resource-rational strategy selection model) and empirically observed levels of decision quality

(left) and risk aversion (right). Each circle represents one participant (with the choices pooled across the three domains; i.e., gain, loss, and mixed). The

diagonal lines indicate identity (i.e., perfect fit).

https://doi.org/10.1371/journal.pcbi.1012204.g002

Table 2. Log-likelihoods of the resource-rational strategy selection model and cumulative prospect theory. Higher

values indicate a better fit.

Model Full sample Younger adults Older adults

Resource-rational strategy selection -7236 -3544 -3692

Cumulative prospect theory -6666 -3025 -3640

https://doi.org/10.1371/journal.pcbi.1012204.t002
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strategies more frequently selected by older adults only consider information about outcomes

and not about probabilities, whereas the strategies more frequently selected by younger adults

tend to consider both outcome and probability information; this could point to a more general

difference in information search between the age groups. These results suggest that—consis-

tent with our strategy-distribution hypothesis—older adults used a somewhat different set of

strategies in their risky choices than younger adults.

To examine to what extent these different strategy sets can give rise to the empirically

observed age differences in risk aversion [45], we analyzed the risk profiles of the most fre-

quently selected strategies (maximax, equal-weight, minimax, least-likely, priority heuristic;

see S1 Text for details). Specifically, we determined the tendency of these strategies to choose

the less risky option (i.e., the one with the lower coefficient of variation) in each choice prob-

lem. Indeed, the risk profiles of these strategies echoed the pattern of age differences in risk

aversion: The strategies more frequently selected by older adults (i.e., maximax, equal-weight)

showed lower risk aversion in gain and mixed problems than the strategies more frequently

selected by younger adults (i.e., minimax, least-likely, priority heuristic). These findings sug-

gest that the observed age differences in risk aversion may indeed be directly attributable to

differences in the selection of specific strategies.

Do older adults rely on simpler strategies than younger adults?

Next, we investigated whether the differences in strategy use might be due to older adults

using simpler strategies than younger adults. To that end, we compared the average cost of the

strategies that were estimated by the model to be selected by older and younger adults. As in

previous applications of the resource-rational strategy selection model [32, 39, 48], we

Fig 3. Frequency of strategies across all trials. MINI: Minimax, MAXI: Maximax, LL: Least-likely, ML: Most-likely, BTA: Better-than-average, EQW:

Equal-weight, TALLY: Tallying, PROB: Probable, LEX: Lexicographic, PH: Priority heuristic, WADD: Weighted-additive.

https://doi.org/10.1371/journal.pcbi.1012204.g003
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operationalized strategy cost as the number of mental operations required by a strategy [49].

For younger adults, the average strategy cost was 15.26 (SD = 2.46); for older adults, it was

15.38 (SD = 2.36) (Fig 4A). A one-sided Bayesian t-test showed moderate evidence that the age

groups did not differ in terms of the costs incurred by the strategies used (BF10 = 0.16). In

other words, contrary to our strategy-complexity hypothesis, older adults did not seem to rely

on simpler strategies than younger adults.

Do older adults rely on smaller toolboxes than younger adults?

Our next test examined whether older adults have a smaller toolbox of strategies at their dis-

posal than younger adults. According to the estimated resource-rational strategy selection

model, younger adults’ toolboxes contained, on average, 3.00 (SD = 0.76) strategies and older

adults’ 2.77 (SD = 0.89) strategies (Fig 4B). A one-sided Bayesian t-test indicated inconclusive

evidence that the older adults have fewer strategies in their mental toolbox than younger adults

(BF10 = 0.98). That is, contrary to the toolbox-size hypothesis, there was no evidence that older

adults selected from a smaller set of strategies than did younger adults.

Do younger and older adults differ in how they trade off costs and accuracy

during strategy selection?

To investigate whether younger and older adults differ in how they trade off payoff and costs

in strategy selection, we compared the cost-weighting parameter δ (see Eq 1) estimated for the

two age groups. The parameter δ reflects the weight of strategy cost against the expected payoff

of a strategy. The estimated parameter was, on average, δ = 1.81 (SD = 3.14) for younger adults

and δ = 2.20 (SD = 3.17) for older adults (Fig 4C). A one-sided Bayesian t-test indicated incon-

clusive evidence for the hypothesis that the cost-weighting parameter is larger for older than

for younger adults (BF10 = 0.36). That is, contrary to the strategy-selection hypothesis, there

was no evidence that older adults put more weight on the cognitive cost of a strategy during

strategy selection than do younger adults.

Are older adults more error-prone in strategy execution?

Finally, we tested whether there was more noise in older adults’ than younger adults’ execution

of the strategies; this would be reflected in higher values of the trembling-hand error parameter

Fig 4. Average strategy cost (A), toolbox size (B), cost-weighting parameter (C) and trembling-hand error (D) for younger and older adults as

estimated with the resource-rational strategy selection model. Bars indicate group means, with error bars representing the standard error of the mean.

Points represent individual participants.

https://doi.org/10.1371/journal.pcbi.1012204.g004
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�. The average trembling-hand error was � = 0.26 (SD = 0.05) for younger adults and � = 0.27

(SD = 0.08) for older adults (Fig 4D). A one-sided Bayesian t-test indicated inconclusive evi-

dence for the hypothesis that the trembling-hand error is higher for older adults (BF10 = 0.55).

Thus, contrary to the strategy-execution hypothesis, older adults did not seem to be more

error-prone in their execution of the strategy selected than younger adults.

Discussion

We applied a computational model of resource-rational strategy selection [32] to investigate

psychological factors that drive age differences in risky choice. In particular, we were interested

in whether older adults simplify the decision making process—potentially due to cognitive

decline. Our results suggest that older adults used qualitatively different strategies than youn-

ger adults; however, there was no evidence that these differences were a consequence of age-

related cognitive decline: Older adults did not select among fewer different strategies, they did

not use less complex strategies than younger adults, they did not put more weight on strategy

cost, and they did not commit more errors during strategy execution. Instead, the age differ-

ences in decision making resulted from different configurations of participants’ strategy

toolboxes.

If the age differences in strategy use are not due to cognitive factors, what else might drive

them? One possibility is that they reflect motivational differences. Older adults typically report

more positive affect than younger adults, as observed in the analyzed dataset [5], and more

positive affect has been associated with lower risk aversion [22]. A mediation analysis showed

that around 30% of the age effect on risk aversion captured by the differences in strategy selec-

tion can be attributed to age differences in positive and negative affect—consistent with a

motivational account of the age differences in strategy selection (see S2 Text).

While our analysis suggests that cognitive factors do not play a substantial role in age differ-

ences in risky choice, previous research has concluded that cognitive decline accounts for age

differences in other domains of decision making. In reinforcement-learning tasks, for example,

it has been suggested that older adults use simpler strategies than younger adults because they

have difficulties in learning and maintaining an accurate representation of the latent task

structure, which is an important prerequisite for the use of more complex strategies [50]. One

possible explanation for cognitive factors not playing a substantial role in the present data is

that, in contrast to reinforcement-learning tasks, all relevant information was directly observ-

able in the risky choice tasks; arguably, this facilitates the implementation even of complex

strategies. In line with this possibility, age differences in risky choice seem to be more pro-

nounced when the decision task involves working memory [51].

The computational framework of resource-rational strategy selection offers a new perspec-

tive on age differences in risky choice. In contrast to approaches commonly used to model age

differences in risky choice, such as expected utility theory [1] or cumulative prospect theory

[5, 7], findings from the resource-rational strategy selection model are directly interpretable in

terms of cognitive information processing. Therefore, the resource-rational strategy selection

model is able to provide novel insights into the psychological processes underlying age differ-

ences in risky choice even though in its current formalization it does not capture the choice

behavior as well as models based on expected utility theory. As demonstrated with our current

analyses, the resource-rational strategy selection model allows one to derive and test various

hypotheses on different ways in which cognitive decline might affect cognitive processing. Fur-

ther, being based on models of cognitive strategies, the resource-rational strategy selection

model led to the observation that compared to younger adults, older adults seem to be less

likely to process both outcome and probability information. An intriguing issue for future
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research is to examine the extent to which age-related differences in strategy selection as iden-

tified here are related to age differences in patterns of predecisional information search (e.g.,

eye tracking, information boards; [52]). Further, insights into the psychological processes that

underlie decision making in different age groups can inform age-specific interventions that

help people make good decisions. For example, following the observation that older adults

were more likely than younger adults to select strategies that considered information about

outcomes but not their probabilities, interventions increasing the attention paid to probability

information [53] could prompt older adults to make greater use of strategies that consider

probability information—and thus help them make better choices.

The resource-rational strategy selection model is able to capture differences in the direction

of the effect of age between gain, loss, and mixed problems without assuming parameter differ-

ences between domains. This suggests that the apparently complex interaction between age

group and domain on risk aversion in the empirical data may be due to simple differences in

strategy use—which in turn produce different risk propensities even if strategy selection is

invariant across domains. Still, allowing strategy selection to differ between domains might

even further improve the fit of the model to the empirical data (e.g., aligning the model predic-

tions more closely with the empirically observed behavior of younger adults with respect to

decision quality in the loss domain and risk aversion in the gain domain). There is evidence

that people invest more cognitive resources in problems involving losses [54]; they might

therefore make different trade-offs between payoff and cost as a function of the problem

domain. Estimating the model parameters reliably for each of the choice domains separately

would, however, require more data per participant than are available in the dataset analyzed in

the current study.

Our findings should be interpreted in the light of the following limitations. First, although

we considered a comprehensive set of decision strategies [34, 35], we do not claim that it is

exhaustive. An alternative approach would be to identify decision strategies in a data-driven

way from process data [55] (but see [47] for a more critical perspective). Second, our operatio-

nalization of strategy cost follows the framework of elementary information processes [49], as

is common in implementations of the resource-rational strategy selection model [32, 39, 48].

While this approach provides a useful proxy for strategy cost, more complex aspects of strategy

cost are conceivable (e.g., differences in the costs of processing probabilities vs. outcomes;

[56]), and quantifying cost more precisely remains an important task for future research

[57–59]. Improving the set of decision strategies and the operationalization of strategy cost

could further increase the fit of the model.

In conclusion, using a computational framework that allows us to test the possible conse-

quences of age-related cognitive decline on strategy selection, we found that older adults use

different but similarly complex decision strategies as younger adults in risky choice. Modeling

risky choices in terms of cognitive strategies offers a promising approach with insights that are

not available from currently dominant modeling accounts of risky choice and can contribute

substantially to the understanding of the psychological underpinnings of age differences in

decision making.

Method

Dataset

We re-analyzed data from Pachur, Mata & Hertwig [5]. This dataset contains choice data from

60 younger adults (46 female, 14 male, mean age: 23.6 years, range: 18–30 years) and 62 older

adults (31 female, 29 male, 2 who did not report their gender, mean age: 71.3 years, range: 63–

88 years). Participants completed 105 risky choice problems. Of the problems, 41 were in the
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gain domain, 31 were in the loss domain, and 33 were mixed. Ninety-six of the problems con-

sisted of two risky gambles, each with two outcomes and corresponding probabilities, 9 prob-

lems also involved a safe option.

We also report the analysis of a second dataset on age differences in risky choice, collected

by Horn, Schaltegger, Best & Freund [7] (see S3 Text); this analysis replicates the conclusion

that age differences in strategy selection between younger and older adults are not due to cog-

nitive factors.

Resource-rational strategy selection model

The resource-rational strategy selection model [32] assumes that a decision maker is equipped

with a set S of potential strategies. For every choice problem p, the decision maker selects the

strategy s* that optimizes the trade-off between the expected strategy payoff rs,p and the

expected strategy cost cs,p.

s∗ ¼ argmax
s2S

ðrs;p � d � cs;pÞ ð1Þ

The weighting parameter δ governs how much weight is given to the cost term cs,p. With δ = 0,

the amount of cognitive resources available plays no role in strategy selection and the decision

maker simply selects the strategy with the highest expected payoff. With higher values of δ, the

cost of a strategy has a stronger impact on strategy selection.

In our analyses, we consider a comprehensive set of cognitive strategies previously sug-

gested for risky choice ([34, 35]; see Table 1 for a detailed description). Most of these strategies

have clearly different decision profiles for the choice problems in the analyzed dataset [5] (see

S4 Text). The resource-rational strategy selection model considers these strategies as candidate

elements in each participant’s toolbox. To quantify the expected payoff and cost of a strategy s
in a given choice problem p, we simulated the choices of each strategy for each of the choice

problems. The expected payoff rs,p was defined as the expected value of the gamble selected by

strategy s on choice problem p, averaged across all 100 simulations. As in previous applications

of the resource-rational strategy selection model [32, 39, 48], we quantified the expected cost

of each strategy cs,p by counting the number of elementary information processes (e.g., reading

or comparing; [49]) it required (see S5 Text for a detailed specification of the elementary infor-

mation processes required by each strategy). While the strategies are essentially deterministic

processes, ties were broken randomly; to take this randomness into account, we repeated the

simulation of the strategies’ choices 100 times and averaged rs,p and cs,p across all simulations.

The theory of resource-rational strategy selection assumes that a strategy’s expected payoff

rs,p and expected cost cs,p are approximated by internal predictive models based on the features

of a choice problem ([32]; e.g., distribution of probabilities, similarity of attributes across

options). These predictive models could be acquired, for instance, via reinforcement learning

and be mentally represented as the weights of the features in the predictive model. This predic-

tive model allows the decision maker to approximate a strategy’s expected payoff and cost even

without actually executing the strategy and also for new choice problems. In our modeling

analysis, we make the simplifying assumption that the represented quantities are approximated

by a given strategy’s actual cost and actual payoff, but we do not explicitly model this approxi-

mation process.

The decision maker makes a choice with the selected strategy with a trembling-hand error

�. With probability 1 − �, the decision maker implements the choice predicted by the selected

strategy; otherwise, the decision maker erroneously chooses the other option. The probability
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of choosing option A over option B is therefore

PðAÞ ¼ PðAjd; SÞ � ð1 � �Þ þ PðBjd; SÞ � �: ð2Þ

The inclusion of the trembling-hand error parameter was not preregistered. This modification

of the model considerably improved model fit, especially with respect to reproducing the over-

all level of decision quality in the empirical data. As a consequence of this modification, we

also adapted the model-estimation procedure slightly. The modifications to the model did not

affect the conclusions to our preregistered hypotheses (see S6 Text for the results of the prereg-

istered methodology).

To obtain the best-fitting parameter values for every participant, we performed a grid

search across all possible strategy sets S (ranging from a single strategy to up to seven strate-

gies), values of δ from 0 to 20 (in steps of 0.1) and values of � from 0.01 to 0.5 (in steps of 0.01).

For each parameter combination, we computed the log-likelihood by simulating the model

and deriving the probabilities of the observed choices according to Eq 2. To account for ran-

domness in the model predictions due to random tie-breaking during both strategy selection

and choice, we averaged the log-likelihood across 100 repeated model simulations. For each

participant, we selected the parameter combination (including the composition of the strategy

toolbox) that showed the maximum log-likelihood. If several parameter combinations showed

the same maximum log-likelihood, we prioritized combinations with smaller sets of S (i.e.,

smaller toolboxes) and then chose randomly between remaining parameter combinations. We

report a parameter recovery analysis in S7 Text.

Cumulative prospect theory

For the purpose of comparing the resource-rational strategy selection model with an estab-

lished computational model of risky choice, we fitted cumulative prospect theory to the choice

data of each individual participant. In cumulative prospect theory, the subjective value of a

risky gamble is computed as the average of the gamble’s nonlinearly transformed outcomes,

weighted by a rank-dependent transformation of the outcome’s probability. The value func-

tion for transforming the outcomes is characterized by two parameters, one representing the

sensitivity to differences in outcomes (α) and one representing differential weighting of gains

and losses (λ). The probability-weighting function for transforming probabilities is character-

ized by two parameters representing the sensitivity to differences in probabilities, separately

for gains and losses (γ+, γ−). The choice between two risky gambles is modeled with a softmax

function, governed by a choice-sensitivity parameter (θ). For a formal model description, we

refer to [7].

We obtained maximum-likelihood estimates of the six model parameters for each partici-

pant by first performing a grid search across the complete parameter space (15 equally sized

steps between the parameter boundaries [0, 2]). We then used the 30 best-fitting parameter

combinations as starting points for an L-BFGS-B optimization algorithm to find the parameter

combination with the maximum log-likelihood.

Data analysis

We used the BayesFactor package [60] to compute Bayes factors and a prior concentration

parameter of a = 1 for the Bayesian contingency table test. For Bayesian t-tests, we used Jef-

freys-Zellner-Siow (JZS) priors with a scaling parameter of r ¼
ffiffiffi
2
p

=2. For Bayesian correla-

tion tests, we used stretched beta priors with a scaling parameter κ = 1. In the S1 Fig, we report

Bayes factor robustness checks, varying the scaling parameter across wide ranges. Hierarchical

regression models were computed with the brms package in R [61] using default priors.

PLOS COMPUTATIONAL BIOLOGY Aging and strategy selection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012204 June 10, 2024 12 / 16

https://doi.org/10.1371/journal.pcbi.1012204


Supporting information

S1 Text. Risk profiles of the strategies.

(PDF)

S2 Text. Are age differences in strategy selection mediated by age differences in affect?.

(PDF)

S3 Text. Application of the resource-rational strategy selection model to another dataset.

(PDF)

S4 Text. Comparison of the strategies’ decision profiles.

(PDF)

S5 Text. Specification of strategy cost.

(PDF)

S6 Text. Preregistered version of the resource-rational strategy selection model.

(PDF)

S7 Text. Parameter recovery analysis.

(PDF)

S1 Fig. Bayes Factor robustness checks for the five hypotheses.

(TIFF)

Acknowledgments

We are grateful to Susannah Goss for editorial assistance.

Author Contributions

Conceptualization: Florian Bolenz, Thorsten Pachur.

Data curation: Florian Bolenz.

Formal analysis: Florian Bolenz.

Funding acquisition: Thorsten Pachur.

Investigation: Florian Bolenz.

Methodology: Florian Bolenz.

Project administration: Florian Bolenz.

Resources: Thorsten Pachur.

Software: Florian Bolenz.

Validation: Florian Bolenz.

Visualization: Florian Bolenz.

Writing – original draft: Florian Bolenz.

Writing – review & editing: Florian Bolenz, Thorsten Pachur.

References
1. Tymula A, Rosenberg Belmaker LA, Ruderman L, Glimcher PW, Levy I. Like Cognitive Function, Deci-

sion Making across the Life Span Shows Profound Age-Related Changes. Proceedings of the National

PLOS COMPUTATIONAL BIOLOGY Aging and strategy selection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012204 June 10, 2024 13 / 16

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012204.s008
https://doi.org/10.1371/journal.pcbi.1012204


Academy of Sciences. 2013; 110(42):17143–17148. https://doi.org/10.1073/pnas.1309909110 PMID:

24082105

2. Zilker V, Hertwig R, Pachur T. Age Differences in Risk Attitude Are Shaped by Option Complexity. Jour-

nal of Experimental Psychology: General. 2020; 149(9):1644–1683. https://doi.org/10.1037/

xge0000741 PMID: 32027153

3. Mather M, Mazar N, Gorlick MA, Lighthall NR, Burgeno J, Schoeke A, et al. Risk Preferences and

Aging: The “Certainty Effect” in Older Adults’ Decision Making. Psychology and Aging. 2012; 27

(4):801–816. https://doi.org/10.1037/a0030174 PMID: 23066800

4. Rutledge RB, Smittenaar P, Zeidman P, Brown HR, Adams RA, Lindenberger U, et al. Risk Taking for

Potential Reward Decreases across the Lifespan. Current Biology. 2016; 26(12):1634–1639. https://

doi.org/10.1016/j.cub.2016.05.017 PMID: 27265392

5. Pachur T, Mata R, Hertwig R. Who Dares, Who Errs? Disentangling Cognitive and Motivational Roots

of Age Differences in Decisions under Risk. Psychological Science. 2017; 28(4):504–518. https://doi.

org/10.1177/0956797616687729 PMID: 28406375

6. Horn S, Freund AM. Adult Age Differences in Monetary Decisions with Real and Hypothetical Reward.

Journal of Behavioral Decision Making. 2022; 35(2):e2253. https://doi.org/10.1002/bdm.2253

7. Horn S, Schaltegger T, Best R, Freund AM. Pay One or Pay All? The Role of Incentive Schemes in

Decision Making across Adulthood. The Journals of Gerontology: Series B. 2023; 78(1):51–61. https://

doi.org/10.1093/geronb/gbac108

8. Best R, Freund AM. Age, Loss Minimization, and the Role of Probability for Decision-Making. Gerontol-

ogy. 2018; 64(5):475–484. https://doi.org/10.1159/000487636 PMID: 29621760

9. Kellen D, Mata R, Davis-Stober CP. Individual Classification of Strong Risk Attitudes: An Application

across Lottery Types and Age Groups. Psychonomic Bulletin & Review. 2017; 24(4):1341–1349.

https://doi.org/10.3758/s13423-016-1212-5 PMID: 28063131

10. Eppinger B, Walter M, Heekeren HR, Li SC. Of Goals and Habits: Age-Related and Individual Differ-

ences in Goal-Directed Decision-Making. Frontiers in Neuroscience. 2013; 7:253. https://doi.org/10.

3389/fnins.2013.00253 PMID: 24399925

11. Ruel A, Bolenz F, Li SC, Fischer A, Eppinger B. Neural Evidence for Age-Related Deficits in the Repre-

sentation of State Spaces. Cerebral Cortex. 2023; 33(5):1768–1781. https://doi.org/10.1093/cercor/

bhac171 PMID: 35510942

12. Chevalère J, Lemaire P, Camos V. Age-Related Changes in Verbal Working Memory Strategies. Exper-

imental Aging Research. 2020; 46(2):93–127. https://doi.org/10.1080/0361073X.2020.1716152 PMID:

31971077

13. Pachur T, Mata R, Schooler LJ. Cognitive Aging and the Adaptive Use of Recognition in Decision

Making. Psychology and Aging. 2009; 24(4):901–915. https://doi.org/10.1037/a0017211 PMID:

20025405

14. Horn S, Pachur T, Mata R. How Does Aging Affect Recognition-Based Inference? A Hierarchical

Bayesian Modeling Approach. Acta Psychologica. 2015; 154:77–85. https://doi.org/10.1016/j.actpsy.

2014.11.001 PMID: 25526294

15. Bolenz F, Kool W, Reiter A, Eppinger B. Metacontrol of Decision-Making Strategies in Human Aging.

eLife. 2019; 8:e49154. https://doi.org/10.7554/eLife.49154 PMID: 31397670

16. Mata R, Schooler LJ, Rieskamp J. The Aging Decision Maker: Cognitive Aging and the Adaptive Selec-

tion of Decision Strategies. Psychology and Aging. 2007; 22(4):796–810. https://doi.org/10.1037/0882-

7974.22.4.796 PMID: 18179298

17. Bowman CR, Iwashita T, Zeithamova D. The Effects of Age on Category Learning and Prototype- and

Exemplar-Based Generalization. Psychology and Aging. 2022; 37(7):800–815. https://doi.org/10.1037/

pag0000714 PMID: 36222646

18. Ruel A, Devine S, Eppinger B. Resource-Rational Approach to Meta-Control Problems across the Life-

span. WIREs Cognitive Science. 2021; 12(5):e1556. https://doi.org/10.1002/wcs.1556 PMID:

33590729

19. Charles ST, Reynolds CA, Gatz M. Age-Related Differences and Change in Positive and Negative

Affect over 23 Years. Journal of Personality and Social Psychology. 2001; 80(1):136–151. https://doi.

org/10.1037/0022-3514.80.1.136 PMID: 11195886

20. Kunzmann U, Little TD, Smith J. Is Age-Related Stability of Subjective Well-Being a Paradox? Cross-

sectional and Longitudinal Evidence from the Berlin Aging Study. Psychology and Aging. 2000; 15

(3):511–526. https://doi.org/10.1037/0882-7974.15.3.511 PMID: 11014714

21. Chou KL, Lee TMC, Ho AHY. Does Mood State Change Risk Taking Tendency in Older Adults? Psy-

chology and Aging. 2007; 22(2):310–318. https://doi.org/10.1037/0882-7974.22.2.310 PMID:

17563186

PLOS COMPUTATIONAL BIOLOGY Aging and strategy selection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012204 June 10, 2024 14 / 16

https://doi.org/10.1073/pnas.1309909110
http://www.ncbi.nlm.nih.gov/pubmed/24082105
https://doi.org/10.1037/xge0000741
https://doi.org/10.1037/xge0000741
http://www.ncbi.nlm.nih.gov/pubmed/32027153
https://doi.org/10.1037/a0030174
http://www.ncbi.nlm.nih.gov/pubmed/23066800
https://doi.org/10.1016/j.cub.2016.05.017
https://doi.org/10.1016/j.cub.2016.05.017
http://www.ncbi.nlm.nih.gov/pubmed/27265392
https://doi.org/10.1177/0956797616687729
https://doi.org/10.1177/0956797616687729
http://www.ncbi.nlm.nih.gov/pubmed/28406375
https://doi.org/10.1002/bdm.2253
https://doi.org/10.1093/geronb/gbac108
https://doi.org/10.1093/geronb/gbac108
https://doi.org/10.1159/000487636
http://www.ncbi.nlm.nih.gov/pubmed/29621760
https://doi.org/10.3758/s13423-016-1212-5
http://www.ncbi.nlm.nih.gov/pubmed/28063131
https://doi.org/10.3389/fnins.2013.00253
https://doi.org/10.3389/fnins.2013.00253
http://www.ncbi.nlm.nih.gov/pubmed/24399925
https://doi.org/10.1093/cercor/bhac171
https://doi.org/10.1093/cercor/bhac171
http://www.ncbi.nlm.nih.gov/pubmed/35510942
https://doi.org/10.1080/0361073X.2020.1716152
http://www.ncbi.nlm.nih.gov/pubmed/31971077
https://doi.org/10.1037/a0017211
http://www.ncbi.nlm.nih.gov/pubmed/20025405
https://doi.org/10.1016/j.actpsy.2014.11.001
https://doi.org/10.1016/j.actpsy.2014.11.001
http://www.ncbi.nlm.nih.gov/pubmed/25526294
https://doi.org/10.7554/eLife.49154
http://www.ncbi.nlm.nih.gov/pubmed/31397670
https://doi.org/10.1037/0882-7974.22.4.796
https://doi.org/10.1037/0882-7974.22.4.796
http://www.ncbi.nlm.nih.gov/pubmed/18179298
https://doi.org/10.1037/pag0000714
https://doi.org/10.1037/pag0000714
http://www.ncbi.nlm.nih.gov/pubmed/36222646
https://doi.org/10.1002/wcs.1556
http://www.ncbi.nlm.nih.gov/pubmed/33590729
https://doi.org/10.1037/0022-3514.80.1.136
https://doi.org/10.1037/0022-3514.80.1.136
http://www.ncbi.nlm.nih.gov/pubmed/11195886
https://doi.org/10.1037/0882-7974.15.3.511
http://www.ncbi.nlm.nih.gov/pubmed/11014714
https://doi.org/10.1037/0882-7974.22.2.310
http://www.ncbi.nlm.nih.gov/pubmed/17563186
https://doi.org/10.1371/journal.pcbi.1012204


22. Lerner JS, Keltner D. Fear, Anger, and Risk. Journal of Personality and Social Psychology. 2001; 81

(1):146–159. https://doi.org/10.1037/0022-3514.81.1.146 PMID: 11474720

23. Mather M, Carstensen LL. Aging and Motivated Cognition: The Positivity Effect in Attention and Mem-

ory. Trends in Cognitive Sciences. 2005; 9(10):496–502. https://doi.org/10.1016/j.tics.2005.08.005

PMID: 16154382

24. Chen Y, Ma X. Age Differences in Risky Decisions: The Role of Anticipated Emotions. Educational Ger-

ontology. 2009; 35(7):575–586. https://doi.org/10.1080/03601270802605291 PMID: 25382900

25. Samanez-Larkin GR, Gibbs SE, Khanna K, Nielsen L, Carstensen LL, Knutson B. Anticipation of Mone-

tary Gain but Not Loss in Healthy Older Adults. Nature Neuroscience. 2007; 10(6):787–791. https://doi.

org/10.1038/nn1894 PMID: 17468751

26. Denburg NL, Recknor EC, Bechara A, Tranel D. Psychophysiological Anticipation of Positive Outcomes

Promotes Advantageous Decision-Making in Normal Older Persons. International Journal of Psycho-

physiology. 2006; 61(1):19–25. https://doi.org/10.1016/j.ijpsycho.2005.10.021 PMID: 16426691

27. Bauer AS, Timpe JC, Edmonds EC, Bechara A, Tranel D, Denburg NL. Myopia for the Future or Hyper-

sensitivity to Reward? Age-related Changes in Decision Making on the Iowa Gambling Task. Emotion.

2013; 13(1):19–24. https://doi.org/10.1037/a0029970 PMID: 23046455

28. Depping MK, Freund AM. Normal Aging and Decision Making: The Role of Motivation. Human Develop-

ment. 2011; 54(6):349–367. https://doi.org/10.1159/000334396

29. Tversky A, Kahneman D. Advances in Prospect Theory: Cumulative Representation of Uncertainty.

Journal of Risk and Uncertainty. 1992; 5(4):297–323. https://doi.org/10.1007/BF00122574

30. Friedman M, Savage LJ. The Utility Analysis of Choices Involving Risk. Journal of Political Economy.

1948; 56(4):279–304. https://doi.org/10.1086/256692

31. Berg N, Gigerenzer G. As-If Behavioral Economics: Neoclassical Economics in Disguise? History of

Economic Ideas. 2010; 18(1):133–166.

32. Lieder F, Griffiths TL. Strategy Selection as Rational Metareasoning. Psychological Review. 2017; 124

(6):762–794. https://doi.org/10.1037/rev0000075 PMID: 29106268

33. Payne JW, Bettman JR, Johnson EJ. The Adaptive Decision Maker. Cambridge University Press;

1993.

34. Thorngate W. Efficient Decision Heuristics. Behavioral Science. 1980; 25(3):219–225. https://doi.org/

10.1002/bs.3830250306

35. Brandstätter E, Gigerenzer G, Hertwig R. The Priority Heuristic: Making Choices without Trade-Offs.

Psychological Review. 2006; 113(2):409–432. https://doi.org/10.1037/0033-295X.113.2.409 PMID:

16637767

36. Payne JW, Bettman JR, Johnson EJ. Adaptive Strategy Selection in Decision Making. Journal of Exper-

imental Psychology: Learning, Memory, and Cognition. 1988; 14(3):534–552.

37. Olschewski S, Rieskamp J. Distinguishing Three Effects of Time Pressure on Risk Taking: Choice Con-

sistency, Risk Preference, and Strategy Selection. Journal of Behavioral Decision Making. 2021; 34

(4):541–554. https://doi.org/10.1002/bdm.2228

38. Payne JW. It Is Whether You Win or Lose: The Importance of the Overall Probabilities of Winning or

Losing in Risky Choice. Journal of Risk and Uncertainty. 2005; 30(1):5–19. https://doi.org/10.1007/

s11166-005-5831-x

39. Milli S, Lieder F, Griffiths TL. A Rational Reinterpretation of Dual-Process Theories. Cognition. 2021;

217:104881. https://doi.org/10.1016/j.cognition.2021.104881 PMID: 34536658

40. Li SC, Lindenberger U, Sikstrom S. Aging Cognition: From Neuromodulation to Representation. Trends

in Cognitive Sciences. 2001; 5(11):479–486. https://doi.org/10.1016/S1364-6613(00)01769-1 PMID:

11684480

41. Bruine de Bruin W, Parker AM, Fischhoff B. Explaining Adult Age Differences in Decision-Making Com-

petence. Journal of Behavioral Decision Making. 2012; 25(4):352–360. https://doi.org/10.1002/bdm.

712

42. Li Y, Gao J, Enkavi AZ, Zaval L, Weber EU, Johnson EJ. Sound Credit Scores and Financial Decisions

despite Cognitive Aging. Proceedings of the National Academy of Sciences. 2015; 112(1):65–69.

https://doi.org/10.1073/pnas.1413570112 PMID: 25535381

43. Mata R, Von Helversen B, Karlsson L, Cüpper L. Adult Age Differences in Categorization and Multiple-

Cue Judgment. Developmental Psychology. 2012; 48(4):1188–1201. https://doi.org/10.1037/a0026084

PMID: 22059450

44. Weber EU, Shafir S, Blais AR. Predicting Risk Sensitivity in Humans and Lower Animals: Risk as Vari-

ance or Coefficient of Variation. Psychological Review. 2004; 111(2):430–445. https://doi.org/10.1037/

0033-295X.111.2.430 PMID: 15065916

PLOS COMPUTATIONAL BIOLOGY Aging and strategy selection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012204 June 10, 2024 15 / 16

https://doi.org/10.1037/0022-3514.81.1.146
http://www.ncbi.nlm.nih.gov/pubmed/11474720
https://doi.org/10.1016/j.tics.2005.08.005
http://www.ncbi.nlm.nih.gov/pubmed/16154382
https://doi.org/10.1080/03601270802605291
http://www.ncbi.nlm.nih.gov/pubmed/25382900
https://doi.org/10.1038/nn1894
https://doi.org/10.1038/nn1894
http://www.ncbi.nlm.nih.gov/pubmed/17468751
https://doi.org/10.1016/j.ijpsycho.2005.10.021
http://www.ncbi.nlm.nih.gov/pubmed/16426691
https://doi.org/10.1037/a0029970
http://www.ncbi.nlm.nih.gov/pubmed/23046455
https://doi.org/10.1159/000334396
https://doi.org/10.1007/BF00122574
https://doi.org/10.1086/256692
https://doi.org/10.1037/rev0000075
http://www.ncbi.nlm.nih.gov/pubmed/29106268
https://doi.org/10.1002/bs.3830250306
https://doi.org/10.1002/bs.3830250306
https://doi.org/10.1037/0033-295X.113.2.409
http://www.ncbi.nlm.nih.gov/pubmed/16637767
https://doi.org/10.1002/bdm.2228
https://doi.org/10.1007/s11166-005-5831-x
https://doi.org/10.1007/s11166-005-5831-x
https://doi.org/10.1016/j.cognition.2021.104881
http://www.ncbi.nlm.nih.gov/pubmed/34536658
https://doi.org/10.1016/S1364-6613(00)01769-1
http://www.ncbi.nlm.nih.gov/pubmed/11684480
https://doi.org/10.1002/bdm.712
https://doi.org/10.1002/bdm.712
https://doi.org/10.1073/pnas.1413570112
http://www.ncbi.nlm.nih.gov/pubmed/25535381
https://doi.org/10.1037/a0026084
http://www.ncbi.nlm.nih.gov/pubmed/22059450
https://doi.org/10.1037/0033-295X.111.2.430
https://doi.org/10.1037/0033-295X.111.2.430
http://www.ncbi.nlm.nih.gov/pubmed/15065916
https://doi.org/10.1371/journal.pcbi.1012204


45. Pachur T, Suter RS, Hertwig R. How the Twain Can Meet: Prospect Theory and Models of Heuristics in

Risky Choice. Cognitive Psychology. 2017; 93:44–73. https://doi.org/10.1016/j.cogpsych.2017.01.001

PMID: 28189037
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