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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
payoft 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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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.1012204.9001

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 J; larger values of J 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 ¢-test indicated
moderate evidence that the match of the simulated with the actual choices did not differ
between age groups (BF;, = 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
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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- Calculate the grand average of all outcomes from all gambles. For each gamble, count the

average 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 payoft. 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- For each gamble, sum up the possible outcomes weighted by their probabilities. Choose the
additive option with the highest weighted sum.

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

https://doi.org/10.1371/journal.pcbi.1012204.t001

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, BF;, = 5.7 x 10*'). Moreover, the higher a participant’s risk aversion, the
higher was their simulated risk aversion (r = 0.79, BF;, = 3.1 x 10%*). 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
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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).
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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

163 Cramér’s V = .25). According to the estimated model,

between age groups (BF;o = 1.6 x 10
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

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.pchi.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
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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 (BF;o = 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
(BF;0 = 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 o (see Eq 1) estimated for the
two age groups. The parameter 0 reflects the weight of strategy cost against the expected payoff
of a strategy. The estimated parameter was, on average, 6 = 1.81 (SD = 3.14) for younger adults
and 6 = 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 (BF;o = 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
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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 ¢-test indicated inconclusive evi-
dence for the hypothesis that the trembling-hand error is higher for older adults (BF,, = 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

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012204  June 10, 2024 9/16


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

PLOS COMPUTATIONAL BIOLOGY Aging and strategy selection

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 , and the
expected strategy cost Csp-

s = argmax (rs‘p - cS?P) (1)
se§

The weighting parameter 6 governs how much weight is given to the cost term c;,. With 6 =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 6, 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 r, , 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 ¢, , 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 r,, and c;, across all simulations.

The theory of resource-rational strategy selection assumes that a strategy’s expected payoff
1, and expected cost c,, 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
P(A) = P(A]5,8) - (1 —€) + P(B|,S) - €. 2)

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 6 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 (&) and one representing differential weighting of gains
and losses (A). 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 (y*, 7). The choice between two risky gambles is modeled with a softmax
function, governed by a choice-sensitivity parameter (6). 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 = v/2/2. For Bayesian correla-
tion tests, we used stretched beta priors with a scaling parameter « = 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.
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