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Abstract

We investigate heterogeneity in health insurance choice
using data from a controlled laboratory experiment.
Participants make consecutive choices from sets of
insurance plans that vary in premium, deductible, and
complementary coverage of illnesses. We find that there
is considerable heterogeneity in how much individuals
are willing to pay for certain plan attributes. To better
understand these differences, we account for individual
risk preferences using a rank-dependent expected utility
(RDEU) model and assess the welfare effects of plan
choices. At the aggregate level, we find welfare losses
under both the normative RDEU model and the
descriptive EV model. At the individual level, however,
the results are more differentiated: for some individuals,
choices are consistent with their RDEU preferences,
whereas for others, choices do not fit either model, sug-
gesting either decision errors or reliance on heuristics.
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1 | INTRODUCTION

Based on the premise that consumers can best express their needs and preferences through their
own decisions, many of the recent policy reforms in the United States (US) and in Europe have
aimed to expand consumer options (Coughlin et al., 2008; Cronqvist & Thaler, 2004; Thomson
et al., 2013). Investigating preferences for health insurance plans based on revealed choices relies
on the assumption that the available plan sets can be observed (McFadden, 1974). In the United
States, consumers predominantly select health insurance through their employers or centralized
platforms, such as Medicare Part D or health insurance exchanges, where the available plans (i.e.,
choice sets) are known.! A large number of studies have investigated the rationality of insurance
selection in such settings, and their findings suggest that consumers often appear to make
suboptimal decisions (see, e.g., Abaluck & Gruber, 2011, 2016; Bhargava, Loewenstein &
Sydnor, 2017; Handel, 2013; Heiss et al., 2013; Liu & Sydnor, 2022; McWilliams et al., 2011).

In this context, the heterogeneity of consumers' choices remains poorly understood, particu-
larly regarding how their preferences for certain features of health insurance plans relate to their
individual risk preferences and the resulting welfare effects. The existing evidence explains, to the
best of our knowledge, only partial aspects of this relationship. Investigating individuals' prefer-
ences for specific plan features by examining how they acquire information, Schram and
Sonnemans (2011) found that, regardless of the choice set, individuals were most interested in the
insurance premium, followed by the deductible and complementary insurance. Building on this,
Kairies-Schwarz et al. (2017) introduced a measure of decision quality based on experimentally
elicited individual risk preferences to examine how consumers choose health insurance plans.
However, they focused on decision quality at the aggregate level using the individual rank order of
plans. Similarly, Jaspersen et al. (2022) investigated the relationship between insurance plan
choices and individual risk preferences, also at the aggregate level. They found that while certain
risk preference motives—utility curvature, probability weighting, and loss aversion—correlated
with insurance choices, they could only explain a small part of the variation in insurance behavior.
This suggests that there might be substantial heterogeneity in risk preference motives that the
studies were not designed to capture. Rather than analyzing how well structural models predict
insurance choices in aggregate, we propose that further individual-level analysis is needed (a) to
better understand the heterogeneity of insurance choices and (b), following Harrison and Ng
(2016), to provide a normative welfare assessment based on individually elicited risk preferences.

The aim of this study is therefore to investigate heterogeneity in health insurance choice by
focusing on consumer preferences for certain features of health insurance plans and using the
normative risk preference model of rank-dependent expected utility (RDEU) to assess the welfare
implications of consumer choices. This model includes expected utility theory (EUT) as a special
case but also captures important behavioral features observed in empirical research, such as
nonlinear probability weighting in decision-making, which reflects individuals' different responses
to probabilities and outcomes. This approach provides a more detailed understanding of hetero-
geneity in complex insurance decisions than is possible with descriptive expected value (EV)
models or normative EUT models. For example, decisions that may appear suboptimal under a
descriptive EV model can, when viewed through the RDEU model, be understood to have
different welfare implications—differences that simpler models do not capture.

In contrast, in many countries, such as Germany, health insurance choice is still decentralized, and it is difficult to
infer how consumers shop for it and the choice sets upon which they base their final decisions.
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We use a framed laboratory experiment with a sequential design.” The first part is inspired
by Schram and Sonnemans (2011) and Kairies-Schwarz et al. (2017). In each round of the
experiment, participants can acquire one or more of six different illnesses, each of which has a
predetermined probability that is communicated to the participants. They must choose among
health insurance plans in 12 varying choice sets, consisting of either six or 12 designed plans.
The plans differ in premium, deductible (for basic coverage of three illnesses), and comple-
mentary coverage of three additional illnesses. For roughly half of the participants, we also
introduce an ex-ante feature-based filter.’ The filter allows participants to indicate which plan
features they prefer and then highlights plans containing these features while preserving the
full set of choices. This approach enables an analysis of how consumers arrive at their final
choice of plan and whether the use of the filter correlates with the selected plan features.
Additionally, it allows us to assess the robustness of these preferences.” In the second part of
the experiment—similar to Harrison and Ng (2016), Kairies-Schwarz et al. (2017), Jaspersen
et al. (2022), and Harrison, Kairies-Schwarz, et al. (2024)—we separately elicit individual risk
preferences according to the RDEU model, thus addressing the fact that individuals differ with
respect to the value and weighting functions of risk preferences (Payne et al., 1993). These
exogenously elicited individual risk preferences can then be used as a prior for behavioral
welfare analysis (Harrison, 2024).

The laboratory setting offers several advantages that facilitate the identification of indi-
vidual preferences for plan features. First, we take advantage of a varying choice set, allowing
options to change in complexity and composition across rounds. By systematically varying the
cost and features of the plans, we can infer a participant's valuation of these features from
the plans they select,” providing evidence on willingness to pay and preferred coverage. Second,
the laboratory setting allows better control over choice motives, which can be difficult to
disentangle when using revealed choices from field data. For instance, consumers may select a
plan because they expect a claim will be more likely or because they are risk-averse, either of
which may be reflected in preferences for features such as low deductibles (Ericson et al., 2021).
In our stylized setting, all participants face identical probabilities of illness, which remain
constant across rounds and are known to participants, allowing them to calculate the expected
value of each plan. This design allows us to separate the effects of risk perceptions from
preferences for a specific plan or certain plan features. Moreover, by separately eliciting each
individual's risk preferences, we can characterize participants based on these behavioral priors,

*In doing so, we add to the literature on health economic experiments (Galizzi & Wiesen, 2017, 2018), particularly
those involving health insurance (e.g., Biener & Zou, 2024; Harrison et al., 2023; Kairies-Schwarz et al., 2017, 2023;
Krieger & Felder, 2013; Mimra et al., 2020; Samek & Sydnor, 2025; Schram & Sonnemans, 2011).

3As a treatment, our feature-based filter also relates to studies that explore the effects of decision support, such as those
that show graphs of the financial consequences of different health insurance plans to consumers (see, e.g., Biener &
Zou, 2024; Samek & Sydnor, 2025) or those that give a curated selection of plans (Gruber et al., 2021). In contrast to
these studies, however, the purpose of our filter is not primarily to support decision-making (e.g., by reducing the size
of the choice set) but to derive information about feature preferences independently of the plans as a whole.
“Abaluck and Adams-Prassl (2021) propose a new approach using a discrete choice model to test choice data for full
information and show that it identifies features that are not immediately visible to consumers in search results.
Although such approaches substantially improve our ability to infer preferences from observed data, as well as to
account for missing choice sets and missing information on choice features, information about the search strategies
themselves is missing.

>We focus on repeated independent insurance plan choices rather than on switching between plans. This allows us to
map a wider range of plans and use the resulting information to determine preferences for plan features.
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avoiding the need to infer risk preferences from observed insurance choices (Bhargava,
Loewenstein & Sydnor, 2017).° Third, when working with field data, it can be difficult to
control for external factors that can affect decisions. Choices may be influenced by inertia
(e.g., Handel, 2013; Heiss et al., 2021), complexity or size of the choice set (Abaluck &
Gruber, 2023; Besedes et al., 2012a, 2012b; Biener & Zou, 2024; Iyengar & Kamenica, 2010;
Schram & Sonnemans, 2011; Sinaiko & Hirth, 2011), a lack of understanding of the decision
situation (Bhargava, Loewenstein & Benartzi, 2017), or information on the financial conse-
quences of various plans (Samek & Sydnor, 2025). Temporary liquidity constraints are also
difficult to control for, as data on individual financial circumstances are often lacking. Finally,
there is evidence that consumers rely on simplified decision rules when making complex
decisions (e.g., Ericson & Starc, 2012; Kamenica, 2008; Kairies-Schwarz et al., 2017). By using
experimental data, we can control the decision environment—for example, by asking ex-ante
comprehension questions and providing all participants with the same financial endowments,
which are sufficient to purchase any of the available health insurance plans.

Our results show no significant differences in the plan features selected by participants
between treatments with and without the feature-based filter. We therefore pool the data from
both treatments. On average, individuals choose plans with significantly higher premiums and
significantly more complementary coverage of illnesses than the plan with the best EV.
However, we observe considerable heterogeneity in plan choices. To further examine this
heterogeneity, we account for individual risk preferences. Following Harrison and Ng (2016)
and Harrison, Kairies-Schwarz, et al. (2024), we evaluate plan choices made overall and by class
using a welfare measure based on individual risk preferences under an RDEU model. At the
aggregate level, both the normative RDEU model and the descriptive EV model indicate welfare
losses, although they are smaller than those under random choice. At the individual level, the
picture is more differentiated. Some individuals incur welfare losses according to the EV model,
but little or almost no loss under the RDEU model, suggesting that their choices may
be wrongly assessed if viewed only from an EV perspective. Other individuals incur low welfare
losses under both models, suggesting a good fit with EV. There are also individuals whose
choices appear favorable under the EV model but result in higher welfare losses under
the RDEU model; for these individuals, choices that might appear satisfactory from an EV
perspective may instead reflect decision errors or heuristics, such as choosing the plan with the
lowest premium. Finally, a substantial proportion of individuals show welfare losses under
both models, suggesting either decision errors or non-identifiable individual decision strategies.

To further link individual preferences for plan attributes with risk preferences, we use a latent
class model that identifies five classes of participants based on preferences for plan attributes, and
we analyze welfare losses at the class level. The results show that for some individuals, WTP for
specific plan features is consistent with their elicited RDEU risk preferences, while for others it is
not. This discrepancy may be the result of decision errors or a reliance on heuristics.

The remainder of this paper is structured as follows: Section 2 introduces our experimental
design. Section 3 presents the results. Section 4 provides robustness checks. Section 5 discusses
the results, as well as the limitations of our approach, and presents our conclusions.

“There are also approaches that aim to identify risk preferences from observed choices; see for example, Barseghyan
et al. (2021) in automobile collision insurance and Ericson et al. (2021) in health insurance. The latter authors present a
method that identifies heterogeneity in risk perceptions and preferences using health insurance choice data from the
Massachusetts Health Insurance Exchange. However, it still considers risk preferences based on the expected utility
theory, assuming risk type distributions.
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TABLE 1 Features of health insurance plans.

Insurance type Basic

Deductible (in talers) 0, 10, 20, 30 Complementary
Illness A B C D E F
Treatment costs without coverage (in talers) 60 40 20 2000 70 40
Probability of illness occurrence 5% 20% 50% 1% 10% 30%

2 | EXPERIMENTAL DESIGN

Our experiment followed a sequential design consisting of two parts. In the first part, participants
were presented with decision scenarios that required them to choose a health insurance plan
from a menu of such plans.” In the second part, they were presented with lottery choices to elicit
their individual risk preferences. The instructions for participants are given in Appendix A.

2.1 | Part 1—Health insurance choice sets

Participants were provided with an initial endowment of 2300 talers, with 100 units of this lab
currency equaling 0.50 euros. From this endowment, they could purchase health insurance to
insure themselves against six possible illnesses (A, B, C, D, E, and F), each of which differed in
its probability of occurrence and costs in the event of a claim. The costs in talers and the
probabilities of occurrence are shown in Table 1. Other monetary and nonmonetary costs that
accompany an illness, such as lost wages or pain, are not considered here. The treatment costs
and probabilities of each illness remained unchanged throughout the experiment.

The decision situation was as follows: Participants had to choose from menus of stylized health
insurance plans in 12 independent decision rounds.® The decision framework was similar to that in
Schram and Sonnemans (2011) and Kairies-Schwarz et al. (2017).° In each round, participants were
presented with a different menu of choices. The first two choice sets were menus with six plans. In
the consecutive rounds, the menus alternated in their degree of complexity (six or 12 plans). This
was intended to jointly test the influence of menu size and feature complexity on the choice of plan.
We also did this so as not to provoke a status quo bias. At the end of the experiment, one decision

"We opted for a health framing instead of neutral framing, as many studies have done before us. For an overview, see
Galizzi and Wiesen (2017). In a setting similar to ours, Kairies-Schwarz et al. (2017) observed higher decision quality in
health framing.

8We acknowledge that this design differs from the reality of knowing whether one has actually become ill, thus
potentially reducing external validity. However, we expect that there are individual differences in the way participants
react to an illness that they know they have acquired. In such cases, it would not be possible to distinguish between
someone who chooses a plan because they prefer it and someone who chooses a plan because they suffered a loss
(occurrence of illness) in the previous decision round. Therefore, we did not provide feedback after each decision. This
means that our participants’ health insurance choices are independent insofar as they are made by participants given
the same health status.

°Compared to Kairies-Schwarz et al. (2017), we increased the complexity of the decision scenario by adding an illness
and offering more decision options. In addition, to allow for heterogeneity in the decisions, we adjusted the sets of plans
per decision in such a way that different preferences should lead to different choices of plans. Regarding the possible
preferences, we followed Kairies-Schwarz et al. (2017).
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round was randomly determined to be relevant for payment. For this round, health status
(i.e., whether a participant had one or more illnesses) was determined.

2.1.1 | Plan design

The menu of health insurance plans took the form of a table displaying plans that varied along three
dimensions: premium, deductible for basic insurance, and complementary insurance. Illnesses A, B,
and C were covered by basic insurance, and D, E, and F could be covered by complementary
insurance. Deductibles for illnesses covered by basic insurance started at 0 talers and went up to 30
talers in increments of 10. In case these illnesses or a combination of them occurred, the participant
had to bear the treatment costs incurred up to the amount of the deductible, with health insurance
paying the amount that exceeded this. In total, out of the initial endowment, a participant had to pay
the premium, the potential treatment costs up to the amount of the deductible under basic insurance,
and the potential costs of illnesses D, E, and F if not covered by complementary insurance. A sample
screenshot of the decision scenario is provided in the participant instructions in Appendix A.

Without considering the premium, there were 32 ways to compose plans differently with our
six illnesses. A fair premium for illnesses D, E, and F and the deductibles was then calculated for
each of these 32 variants. A random component was added to the premium to induce a ranking of
plans to ensure that plans had different levels of attractiveness. The resulting order of plans was
basically determined randomly.'® Ultimately, the 32 plans differed in rank-ordering according to
the expected value (EV).'* We based our parameters on objective EV because it represents (a) the
risk-neutral variant of expected utility theory and (b) a special case of the rank-dependent
expected utility theory (RDEU) when the value function is linear and there is no probability
weighting. Table Bl in the Appendix provides an overview of the plans. All plans that were
offered in a decision round were selected from these 32 plans and alternated among the decision
rounds to prevent participants from remembering plans from the previous decision. The order of
the plans was drawn at random in advance and was identical for all participants. Table B2 in the
Appendix provides an overview of all plans in all choice sets in the order displayed.

2.1.2 | Experimental conditions

To investigate initial preferences for plan features, we implemented two treatments: a baseline
condition with insurance choice (IC) and a treatment variation with a feature-based filter
(IC filter). The use of the filter was voluntary. This allows us to observe different types of users
and their search behavior. With the filter, participants had the opportunity to indicate the
characteristics of their preferred plan (i.e., their maximum deductible and the illnesses they
desired to have covered by complementary insurance) in each decision round. Plans that

“However, the exception to this was that the 10 best plans (by EV rank: 1-10) did not cover the 2000 taler treatment
cost feature, whereas the 10 worst plans (by EV rank: 23-32) did. This rule served to ensure that players had an actual
trade-off in terms of rank-dependent expected utility (RDEU). For example, if the best EV plan covered the 2000-taler
cost feature, this would be a dominant plan that would be easy for participants to identify.

"Note that we used EV as an objective measure to determine the rank-ordering of plans because we did not have
individual risk preference measures before the experiment. This also most likely resembles a realistic health insurance
choice scenario in which the underlying choice set is the same for all individuals.
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1. part of the experiment: decision (1 of 12)

Decision choice costs per health insurance contract

Decision support probability

o
of illness | ithout | 1 2 3 4 5 6

““““““““““

illness

Please insert the numer of the health insurance contract that you would
like to choose.

(=]

FIGURE 1 Screenshot of choice set with a feature-based filter. [Color figure can be viewed at
wileyonlinelibrary.com]

matched the filter selection were highlighted in green, and the other plans remained as a choice
option."? Participants could change their feature selection as often as they wished during a
decision round, with other plans being highlighted accordingly. There was also a possibility
that no plan in the selection fulfilled all the conditions from the filter, resulting in no plan being
displayed in green. Figure 1 provides a screenshot of the decision situation with the feature-
based filter. The filter treatment allows us to fill an information gap by enabling the identifi-
cation of preferences for plan features that cannot be clearly inferred from revealed choices in
field data. We can then infer the importance of the features based on the observed choices.

2.2 | Part 2—Risk elicitation and definition of welfare

In Part 2 of the experiment, we measure individual risk preferences based on the concept of
rank-dependent expected utility (RDEU) introduced by Quiggin (1982). RDEU has become one
of the most relevant empirical generalizations of expected utility theory (EUT). Although the
utility function in RDEU is specified similarly to EUT and includes EUT as a special case,
RDEU introduces an important modification: nonlinear probability weighting. This accounts
for the possibility that individuals do not necessarily evaluate risky decisions with given
probabilities based solely on their objective values. Instead, it is assumed that individuals first
rank outcomes according to their preferences and then assign subjective probability weights to
them. The RDEU model derives the probability weights from the entire distribution of ranked
outcomes, reflecting the subjective distortions of objective probabilities. The RDEU model thus

12We are aware that this scenario does not correspond to many real-world decision-support tools for choosing health
insurance, which reduce the number of alternatives within the choice set. However, by keeping all plans within the
menu, we can investigate whether participants ultimately choose a plan that corresponds to their indicated feature
preferences. We are also able to compare insurance choices to the treatment with no filter.
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requires introducing a probability weighting function. Despite its flexible approach, the RDEU
model allows for welfare analysis, as exemplified in the work of Harrison and Ng (2016).

The RDEU model accommodates behavioral observations such as probability weighting and
decreasing sensitivity to changes in probability—that is, individuals tend to respond less to
variations in probabilities when these probabilities are moderate compared to when they are
extreme. In particular, individuals often overestimate the probability of events that are unlikely
while underestimating the probability of events that are more common. These characteristics
are particularly relevant in insurance contexts because the consequences of the insurance
choice involve risk and uncertainty, and plans often contain features directly related to risk and
uncertainty, such as deductibles or additional coverage against events that are nontrivial, rare,
or extreme. As a result, the RDEU model provides a flexible framework for analyzing het-
erogeneity in complex insurance decisions. In particular, it can help clarify why decisions that
appear, for example, suboptimal under a descriptive EV model may be optimal under a nor-
mative RDEU model. Furthermore, the results of Jaspersen et al. (2022) suggest that while
there are modest correlations between insurance levels and factors such as utility curvature,
loss aversion, and probability weighting, these elements can predict only a small part of the
variations in insurance behavior. This suggests that there might be substantial heterogeneity in
preference motives, which the RDEU model is well equipped to capture.'?

In the experiment, we follow an elicitation procedure of RDEU risk preferences that is similar to
the one used by Kairies-Schwarz et al. (2017). Because the consequences of insurance plan choices in
the experiment are framed as losses, we consider RDEU here as being defined only over losses.
Considering a complete ranking of all (negative) outcomes of a prospect f, that is, 0 >x; > ... > Xy,
and associated probabilities p,, ..., p, the value of the prospect is calculated as:

n

RDEU(f) = ), m(p) - U(x. @

j=1

The utility function U(x;) is evaluated by a probability weighting function 7 (x;). The
weighting function is strictly increasing in probabilities between [0, 1], and w(0) = 0 and
w(1) = 1 must hold. Equation 2 shows how we calculate decision weights while accounting for
rank dependence'*:

7 (p) = w(p; +..+ p,) — W(pjq +-t D). )

In the experiment, we applied the trade-off method (Wakker & Deneffe, 1996) and im-
plemented a bisection procedure, which is similar to the approach taken by Abdellaoui (2000) and
Abdellaoui et al. (2007), to facilitate the decision process. As previously mentioned, we focused
only on the loss domain relevant to the choices of insurance in Part 1 of the experiment. We
therefore did not need to elicit the degree of loss aversion in this setting. We scaled the lotteries to
fit the decisions made in Part 1 and to ensure that scaling effects would not bias our results.

3The findings of Harrison and Swarthout (2023) moreover support the notion of using RDEU, e.g. instead of cumu-
lative prospect theory. Having developed a battery test that considers a wide range of parameters in common utility
models such as EUT, RDEU, Cumulative Prospect Theory, or Dual Theory, they show that the RDEU model best
characterizes individual and pooled decisions.

“Note that the weight is defined as 7 (p) = w(1) — W(pj+1 +..+p,) and 7, (p) = w(p,) — w(0) for the largest and
smallest outcome, respectively.
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Participants had to choose between 70 pairs of lotteries, providing a large and detailed
dataset for analysis. In 38 decision rounds, participants had the choice between two lotteries
to calculate the value function parameters. In the remaining 32 decision rounds, they had the
choice between a safe option and a lottery, allowing us to calculate the weighting function
parameters. See Appendix D for a detailed example of the decision situation. Participants
received an initial endowment of 4800 talers in Part 2. One of the participants’ decisions was
selected randomly, and the outcome of the decision was determined and subtracted from the
initial endowment.

2.3 | Experimental procedure

The experiment was programmed with z-Tree (Fischbacher, 2007) and conducted through the
Essen Laboratory for Experimental Economics (elfe) in 2016. It involved 253 individuals recruited
from the general student population of the University of Duisburg-Essen using the Online
Recruitment System for Economic Experiments (Greiner, 2015). In total, 117 individuals partici-
pated in the IC filter and 136 individuals participated in the IC treatment. Overall, we conducted
seven sessions at the laboratory, each lasting approximately 135 min, to collect data.

The experimental procedure for all sessions was as follows: Upon arrival, participants
were randomly assigned to individual cubicles and given written instructions. After reading
these, participants had the opportunity to ask questions. To prepare participants for the
complexity of the insurance plans, we asked them eight comprehension questions focusing
on the premium, the probabilities of an illness occurring, the total cost, the individual
medical costs, and the amount of the deductible (see Appendix A for an overview of the
specific questions). The experiment did not start until all participants had answered the
comprehension questions correctly. Participants were provided with a simple calculator and
pen and paper to assist during the experiment. At the end of the experiment, participants
were asked to complete a short questionnaire on demographics, including age, gender, and
their university major. They were also asked whether they had paid special attention during
the experiment to any particular features of the plans.'” Our participant pool was 52%
female with an average age of 23.8 years (std. dev. 0.39). In total, 44.3% were enrolled in
economics, 18.2% in a STEM subject, and 17.0% in humanities. Participants earned an
average of 25.42 euros and received their payment privately in cash at the end of the
experimental session.

3 | RESULTS

3.1 | Descriptive analysis

We first examine whether there are differences in the choice of plans between the treatment with
a feature-based filter (IC filter) and the treatment without a filter (IC). Table 2 shows the mean

premium, mean deductible, and proportion of plans with complementary insurance chosen by
participants in the IC group, the IC filter group, and both groups combined. The lack of

>Details in Table G1 in Appendix G.
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significant differences in the features chosen by participants in the two treatments (see Table 2) is
consistent with findings by Samek and Sydnor (2025) and Biener and Zou (2024), who report that
decision aids, such as consequence graphs, that do not restrict choice sets have little or no effect
on plan choices. For all further analyses, we therefore pool the results from both treatments.

Because the plan features do not stand alone but are always part of a stylized plan, the average
values and proportions of the plan features can only be interpreted relative to one another.
To provide context, we compare the observed values to those that would result from selecting the
best plan based on EV in each decision.'® All values are reported in the experimental currency,
talers. The mean premium of the plans chosen in our experiment is 81.11 talers, which is nearly
twice that of the best average EV plan. In contrast, the mean deductible of the plans chosen by
our participants is 10.65 talers, which is not significantly different from that of the best EV plan
(p = 0.173). Complementary insurance for illnesses D, E, and F is chosen relatively frequently:
illness D is covered in 56.46% of selected plans, illness E in 49.64%, and illness F in 65.12%. All of
these percentages are significantly higher than those observed for the best EV plans.

Across all decision rounds, the expected costs range from an average minimum of 75.17
talers to an average maximum of 157.22 talers. The plans chosen by participants result in an
average expected cost of 103.52 talers. Compared to the best EV plan in each round, this
corresponds to an average increase in expected costs of 37.7%, indicating considerable efficiency
losses under a descriptive EV model.

Result 1. Overall, individuals choose plans with significantly higher premiums and
significantly more complementary coverage of illnesses than would be the case if they had
selected the plans with the best EV. As a result, participants face an average expected cost
increase of 37.7%, indicating considerable efficiency losses under a descriptive EV model.

3.2 | Heterogeneity analysis

To examine insurance choices in more detail and assess heterogeneity at the individual level,'”
we employ a mixed logit regression. This model considers all available plan options (both
selected and unselected) in each decision round, and accounts for individual differences in
preferences for plan features. The estimates presented in Table 3 provide information on these
preferences and further illustrate the heterogeneity among participants.

First, the signs of the coefficients point in the expected direction: A higher premium is
associated with a lower probability of the plan being selected, and the same is true if a plan
includes a deductible. Moreover, plans that cover illnesses D, E, and/or F were more likely to be
selected. Second, the standard deviations are significant for the premium and all comple-
mentary insurance options. For the deductibles, only the standard deviation for the deductible
of 20 talers is significant, albeit only marginally so. This indicates a particularly high degree of
heterogeneity across participants in terms of their preferences for coverage against illness,
whereas their preferences for avoiding deductibles appear less heterogeneous.

'8Similar to Jaspersen et al. (2022), Table C1 in Appendix C provides a comparison of actual choices to a random
choice. It suggests that choices rely on a planned decision process rather than on random choice because, for all plan
features, individuals' choices deviate significantly from the random choices.

Figure C1 in Appendix C provides an overview of selected plans by decision rounds.
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TABLE 3 Preference heterogeneity—Mixed logit regression.
Mean Std. dev. WTP EV
Premium —0.054***  0.026***
0.004)  (0.003)

Illness D (2000 talers with 1% probability of occurrence)  3.977***  3.857*** 73.37 20
0.709)  (0.572) [44.18, 102.56]

Illness E (70 talers with 10% probability of occurrence) 1.617**  0.926™** 29.83 7
0.134)  (0.219) [24.33, 35.32]

Illness F (40 talers with 30% probability of occurrence) 2.319%*  (0.850*** 42.78 12
0.131)  (0.204) [36.28, 49.28]

Deductible of 10 —0.224** 0.106 —4.14 —6.2

(0.074)  (0.162) [-6.71, —1.56]
Deductible of 20 —1.302%F  0.654* —24.03 —124
(0.114)  (0.261)  [—28.45, —19.61]
Deductible of 30 —1.456%*  0.391 —26.86 —-14.8
(0114)  (0.381)  [—31.67, —22.05]
n 25,806 25,806
N 253 253

Note: Mixed logit regression. Mean, standard deviation (std. dev.), and willingness to pay (WTP). Negative WTP values indicate
a willingness to accept (WTA). The EV of each plan feature is added for comparison with WTP/WTA. Standard errors clustered
at the individual level are in parentheses. 95% confidence intervals of WTP/WTA values are in brackets.

*p < 0.05; **p < 0.01; ***p < 0.001.

By calculating individuals' willingness to pay (WTP), we can provide more detailed infor-
mation about their preferences for plan features. Our results indicate that the WTP to cover
each of the three illnesses is more than three times higher than the EV. In other words, the
participants were, on average, willing to insure against the illnesses at a higher cost than would
have been the case for a risk-neutral, rational decision-maker. Negative values for the WTP and
EV of the deductibles indicate a willingness to accept (WTA).

For the lowest deductible (i.e., of 10 talers), the confidence interval of the WTA includes the
corresponding EV and is, therefore, not significantly different from it, whereas the WTAs for
the higher deductibles are about twice as high as the EV. Our results suggest that participants,
on average, disliked high deductibles and needed to be compensated by a reduction in the
premium that was greater than the EV. In the case of the deductible of 20 talers, the required
compensation had to be greater, on average, than the deductible amount itself. This raises the
question of whether individual risk preferences, as captured by the RDEU model, can better
explain this behavior.

Result 2. [Individuals’ WTP for illness coverage is generally higher than the corresponding
EV, whereas the WTP for deductibles is negative. At the same time, there is considerable
heterogeneity across all attributes.
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3.3 | Welfare analysis

To better understand how individuals' plan choices relate to their individual risk preferences,
we now turn to a welfare analysis. We evaluate whether individuals' selected plans are con-
sistent with their RDEU preferences. For comparison, we also assess plan choices using the EV
model as a benchmark.

We deduce RDEU preferences by fitting a value and weighting function to the data from
Part 2 of the experiment using nonlinear least squares. In our value function, 6 < 1 implies
risk-seeking behavior, while & > 1 implies risk-averse behavior. The observed overall median
value of 6 = 1.00 implies risk neutrality on average. The median value of s is 0.720 (s < 1),
which suggests a more pronounced concave portion of the weighting function relative to s = 1
and implies an overweighting of probabilities. The median value of the parameter r is slightly
below 1 (r = 0.985), indicating almost no overweighting of small probabilities compared to
large ones.'® Prior studies indicate that participants either tend to underweight very low
probabilities or are willing to pay much more than the expected value (Jaspersen et al., 2022;
McClelland et al., 1993).

Following the approach of Harrison and Ng (2016) and Harrison, Kairies-Schwarz, et al.
(2024), we calculate the certainty equivalents (CEs) for each possible plan based on the RDEU
preferences of each participant. We then compute the difference in CE between the chosen plan
and the individual best plan for that decision, and express this relative to the difference
between the individual best and the worst plan for each decision (see Appendix E for details).
Under this measure, choosing the best plan leads to a relative welfare loss of 0, whereas
choosing the worst plan leads to a relative welfare loss of 1. We then compute the average
relative welfare loss for each participant across their 12 decisions. Using the same procedure,
we also calculate the efficiency measure based on the descriptive EV model."”

To contextualize our results, we use random choice as a benchmark, similar to the approach
of Jaspersen et al. (2022). We derive the mean efficiency of random choice for both the EV and
RDEU models. In this case, we assume that one of the six or 12 available plans is randomly
chosen in each decision round. The relative welfare loss for random choice is then calculated as
the expected relative welfare loss, obtained by summing the losses for all possible plans in each
decision, with each plan weighted equally (1/6 or 1/12).

Overall, we find that neither model fully explains the observed behavior. The average
relative welfare loss from the RDEU perspective is 0.41 (std. dev. 0.28), whereas from the EV
perspective it is slightly lower at 0.35 (std. dev. 0.20), indicating that EV performs slightly better
on average. However, a substantial number of individuals appear better off when evaluated
under their fitted RDEU preferences. In both models, actual choices are superior to random
choice in terms of efficiency: mean losses are lower than those under random choice (RDEU:
0.41 vs. 0.51; EV: 0.35 vs. 0.47).

8For an analysis of the relationship between the RDEU model risk preference parameters and plan features, partic-
ularly with respect to coverage for illness D, please refer to Appendix D. This analysis indicates that risk-seeking
individuals cover illness D slightly less frequently than risk-averse individuals. Moreover, the parameter s tends to be
lower in decisions where illness D is covered compared to those in which it is not; however, at the threshold value of 1,
only minor differences in coverage rates are observed.

"“In this case, the CE of a plan is uniformly the same for all participants due to the descriptive nature of the EV model.
Consequently, all participants share the same best and the same worst EV plans within a decision.
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FIGURE 2 Relative welfare loss compared to best plan. Note: The figures illustrate mean relative welfare
losses over 12 decisions of each participant by the descriptive EV perspective and the normative RDEU
perspective, sorted by the size of losses according to the best RDEU plan (2a) and the EV best plan (2b). N = 253.
(a) RDEU perspective. (b) EV perspective. [Color figure can be viewed at wileyonlinelibrary.com]

Result 3a. Neither the normative RDEU model nor the descriptive EV model fully
explains the observed behavior. However, in both models, welfare losses in terms of efficiency
are smaller than those expected under random choice.

To provide a more detailed analysis, Figure 2 presents the average relative welfare losses per
individual compared to both the best EV and best RDEU plan.” The two subfigures display the
same underlying choices but are sorted differently: Figure 2a is sorted by losses under the
RDEU perspective, and Figure 2b is sorted by losses under the EV perspective. Although the EV
model yields slightly lower average losses, the distribution of losses under RDEU is more
dispersed, with a higher median and a longer upper tail.

We also observe mixed behavioral patterns. Figure 2a indicates that some individuals incur
almost no losses under RDEU (lower part); for these individuals, the RDEU model appears to
fit well. In contrast, Figure 2b shows individuals with very low losses under EV but simulta-
neously high losses under RDEU (lower part). Although EV is a specific case of RDEU, and the
RDEU model can capture EV-maximizing preferences, such a discrepancy may result from
individuals relying on heuristics (e.g., choosing the cheapest plan; see, e.g., Ericson & Stark,
2012; Kairies-Schwarz et al., 2017) or making mistakes in the insurance choices or in the risk
elicitation tasks. Only a small subset of individuals shows low losses under both models,
indicating that their choices are evaluated as efficient by both RDEU and EV perspectives.*
Finally, several individuals show substantial welfare losses under both models, again sug-
gesting possible reliance on heuristics or decision errors.

Result 3b. The individual distributions of welfare losses reflect different behavioral
patterns: Some participants’ decisions can be well explained by the RDEU model; for some
participants, by preferences consistent with EV (as a special case of RDEU). However, some

20The classification of participants as EV- or RDEU-consistent depends on the selected relative welfare loss thresholds.
See Appendix E, Table E1, for detailed distributions of relative welfare losses.

*'This pattern is illustrated in Figure E1 in Appendix E. The figure displays the distribution of loss differences between
the EV model and the RDEU model.
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participants show small losses under EV but high losses under RDEU, suggesting the use of
heuristics or decision errors. Finally, a substantial number of participants exhibit
substantial welfare losses under both models, further indicating heuristics or decision errors.

3.4 | Subgroup analysis

To explore the relationship between plan feature preferences and welfare losses, we introduce a
latent class logit model to identify subgroups with homogeneous preferences.?” This allows us
to examine variation in welfare losses across these subgroups. As with the mixed logit model
(see again Table 3, Section 3.2), the latent class logit model considers all available alternatives
within each choice set in addition to the chosen plan.

Employing the Bayesian information criterion (BIC) to select the optimal class size, which is
the class size that minimizes the BIC, leads to an optimal number of nine or more classes.?
This high number indicates a high degree of heterogeneity and a variety of decision patterns.
However, the use of nine classes results in a small number of observations per class. Therefore,
in this analysis, we discuss the results for a reduced number of classes. To determine the
optimal reduction in the number of classes, we employed the elbow method (see Nylund-
Gibson & Choi, 2018). Figure F1 in Appendix F visualizes statistical fits for various class sizes
and shows that the improvement in model fit plateaus with five classes. When we reduce the
number of classes considered in the analyses to this number, the model fit is marginally poorer
than with nine (see Table F2 in Appendix F).>* Nevertheless, with an average probability of 0.94
(std. dev. 0.10) for the highest individual class membership, the model with five classes still
appears to distinguish very well between the several classes of preferences. In the following, the
allocation of individuals to the classes is based on their highest class membership probability.

Figure 3 graphically illustrates the results of the latent class logit model, presenting these as
the WTP estimates for a particular feature in each class.® The class proportions range from
13.8% to 25.3%. Again, we compare the WTP estimates with the EV of each feature. We sort the
classes according to the summed absolute distances between the WTP estimates (dots) and the
EV (blue crosses) of each feature, starting from the smallest (Class 1) to the largest (Class 5)
distance. The higher the class numbering, the higher the overall WTP for coverage compared to
a risk-neutral decision-maker.

As a result of this sorting, Class 1 and Class 5 show the most pronounced differences in
their WTP and WTA values for the respective plan features.”® This is mainly because of dif-
ferent preferences for complementary insurance. The WTP and WTA values of Class 1 mem-
bers are closest to the EV. In contrast, members of Class 5 were willing to pay much more to
insure against all illnesses than those in other classes. This is especially pronounced for illness
D (low probability of high costs), for which the WTP was around 10 times higher than the EV.
Classes 2 to 4 are located between Classes 1 and 5, with Class 2 placing a positive value on

22We used the Stata routine Iclogit2 to estimate the latent class model. See Yoo (2020) for a detailed model description.
23For 10 or more classes, only a few models converged. Thus, the BIC and AIC might be minimized at nine or more
classes. Fit statistics for two to nine classes can be found in Table F1 in Appendix F.

24Results for nine classes can be found in Table F4 and Figure F2 in Appendix F.

*>Regression results are presented in Table F3 in Appendix F. We do not find statistically significant differences
between the classes regarding the experimental treatments with or without an IC filter.

*$For nine classes, we find a similar range (see Figure F2 in Appendix F).
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FIGURE 3 Willingness to pay by classes and features. Note: Error bars represent 95% confidence intervals.

Blue stars represent EV of features. Illness D has costs of 2000 talers with a 1% probability of occurrence, illness

E has costs of 70 talers with a 10% probability of occurrence, and illness F has costs of 40 talers with a 30%

probability of occurrence. [Color figure can be viewed at wileyonlinelibrary.com]

additional insurance for illness F (relatively high probability of occurrence), whereas Class 3
rather focused on insurance for illness D.

Most participants preferred to avoid deductibles for the illnesses covered by basic insurance, as
indicated by their WTA values. It appears that participants in Classes 2 to 4 disregarded the low
deductible of 10 talers because their WTA/WTP values were not significantly different from 0. For

Class 4, this was also the case for the deductible of 20 talers. In contrast, participants in Class 5
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FIGURE 4 Relative welfare losses compared to best plan by class. Note: The figure illustrates mean relative
welfare losses over 12 decisions of each participant by the descriptive EV perspective and the normative RDEU
perspective divided by class, sorted by the size of losses according to the best RDEU plan. [Color figure can be
viewed at wileyonlinelibrary.com]

required the greatest compensation for deductibles because their WTA for the deductible was
significantly greater than the corresponding EV. Participants’ approach to deductibles may reflect
factors more complex than considerations related to insuring against illnesses D, E, and F in our
experiment, potentially including a general tendency to avoid deductibles.

Result 4a. We identify five homogeneous classes of participants who differ in their
preferences for plan features when choosing health insurance. These classes range from
(a) those who exhibit WTP and WTA that are close to the expected values to (b) those with a
high WTP for insurance against all illnesses.

To better understand which individuals' insurance decisions align more closely with EV or
RDEU preferences, we next examine the distribution of welfare losses across individuals.
Figure 4 presents the relative welfare losses of each individual under both models (EV, in blue;
RDEU, in orange), sorted by class.”” This visualization allows us to identify distinct types of
individuals and to link these patterns to specific plan features (Figure 3) and to RDEU
parameters (Table F5 in Appendix F).*®

*"Figures F3 and F4 in Appendix F present the average relative welfare losses and the distribution of average relative
welfare losses for each class from both the EV and RDEU perspectives.

#To assess the classification of participants as EV- or RDEU-consistent, one would need to define thresholds for
relative welfare loss (e.g., <10%). Appendix F Table F7 provides detailed proportions of participants within each class
whose average welfare losses fall below a range of cutoffs.
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Across all classes, we find that the class assignment, based solely on plan choices, also
reflects the structure of welfare losses under the EV model quite well. Within each class, EV
losses are relatively homogeneous but increase from Class 1 to Class 5. Under the RDEU model,
however, within-class variation in relative welfare losses is more pronounced. This indicates
that even among individuals with similar preferences for plan features, actual choices do not
always align with their elicited RDEU preferences.

Within each class, we observe both well-aligned decision-makers (lower bars, with minimal
welfare loss) and individuals with substantial deviations (upper bars, with larger losses). In
Classes 3 and 5, many individuals show relatively low RDEU losses, suggesting that their high
WTP for certain plan attributes is consistent with their elicited risk preferences. In contrast, in
Class 1, many individuals appear to choose EV-maximizing plans, but their relatively low
observed WTP for plan attributes is not consistent with their elicited risk preferences. For these
individuals, plans with higher coverage might have yielded lower RDEU welfare losses. This
discrepancy may reflect the use of heuristics or errors in either the insurance choice task or risk
elicitation tasks.*

These patterns suggest that individual decision-making is partly driven by dynamics not
fully captured by the RDEU model and that no single theory universally applies to all in-
dividuals (Harrison & Rutstrom, 2009). Taken together, our results suggest that while the
RDEU model does not improve welfare assessments on average, it does capture important
aspects of behavior for specific subgroups.

Result 4b. Under the RDEU model, we observe greater within-class variation in welfare
losses. This suggests that while some individual plan choices reflect RDEU-consistent
preferences (including sensitivity to rare, high-cost events), there remains substantial
evidence of heuristic-driven behavior or decision errors.

4 | ROBUSTNESS CHECKS

As noted in Section 3.1, we find no differences in the plan features chosen by participants in the
groups with or without a filter. However, data on participants’ use of the filter make it possible
to analyze which of the features that are selectable in the filter appear to have been most
important for the participants when making their ultimate choice of plan. This can help us
better understand the thought process behind plan selection and thus validate feature prefer-
ences. The advantage of the experiment is that we can exclude all other aspects, such as
different health states, liquidity constraints, or expectations that may also impact choices and
are not easily observable in the field. Because each plan had a particular set of features, simply
analyzing the selected plan would not provide insights into how individuals arrived at their
decision.

Overall, we observe that the filter was used by 88.9% of all participants in at least one
decision round. With a mean of 6.28 rounds (std. dev. 0.37) per participant, the filter was used
in about half of the 12 decision rounds. By using the filter, participants could reduce the

2For instance, the plan with the lowest premium was chosen in 10.34% of all decisions. This choice was most common
in Class 1, where it was selected in 26.94% of cases. In Class 5, it was never selected. Overall, 61.78% of all lowest-
premium choices came from participants in Class 1. In three out of the 12 rounds, the lowest-premium plan also had
the best or nearly the best expected value.
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complexity of choosing a health insurance plan out of a large choice set. Based on the parti-
cipants’ final filter setting, we see that, for low-complexity decisions, they used the filter to
reduce the number of plans highlighted in a set within a decision round from 6 to 3.77 on
average (std. dev. 1.32, median 4). For high-complexity decisions, the reduction was from 12 to
7.42 plans (std. dev. 2.46, median 7).>° Within any given decision round, some participants used
the filter several times—that is, they tested how their choice of features would affect which
plans would be highlighted. We observe that participants selected different filter variations up
to nine times, with a mean of 1.62 (std. dev. 0.04) for the decisions in which the filter was used
at least once. That is, some participants did not use the filter at all, others used it once to decide
on a plan, and others tried several different filter configurations before deciding on a plan.*

Table 4 presents the frequency of filter use, proportions of preferred features in the filter,
and proportions of these preferred features that were in the plans ultimately chosen by
members of different classes of participants. We observe that the different classes were het-
erogeneous in their filter use: the filter was used by members of Class 1 in only a small
proportion of the decisions (28.8%), which is about half of what we observe for the other classes
(53.2% to 61.5%). Because members of Class 1 did not seem to place strong emphasis on plan
features, participants may have chosen not to use the filter because they felt they did not need it
to make their choices. Instead, they may have been guided mainly by the premium, which was
not included in the filter.

The first panel of Table 4 provides information on the composition of the plans selected by
participants. The preferences for plan features by class are in concordance with the findings
from our latent class analysis: A high proportion of plans chosen by members of Class 1 have
coverage for illness F (low costs with a high probability of occurrence). For Class 2, a high
proportion of plans chosen by participants include coverage both for illness F and illness E
(medium costs with medium probability of occurrence). Meanwhile for Class 3, a high pro-
portion of the plans include coverage of illness D (high costs with low probability of occur-
rence). The plans chosen by members of Class 4 have the highest average deductible. In Classes
4 and 5, a high proportion of plans cover all illnesses. The proportion of plans with coverage for
illness D is highest in Class 5, with this feature being included in 99.8% of participants’ plan
choices. Given that a high level of coverage is associated with a higher premium, the increasing
proportion of coverage by class number is also reflected in a trend towards higher average
premiums.

Overall, across all classes, we find that the probability of illness occurrence played a role in
participants’ decisions. There is a preference for coverage against illness F, which has a 30%
probability, over illness E, which has a 10% probability. This preference is consistent with the
findings of Jaspersen et al. (2022), who observed increased demand for insurance with higher
loss probabilities. In our experiment, we observe a heterogeneous pattern in the overweighting
of probabilities, which is particularly evident in the lower probability range for about half of the
participants. For Classes 1 and 2, there is higher demand for coverage against illnesses E and F,
which have higher probabilities of occurrence than illness D. In contrast, Classes 3, 4, and 5
exhibit a different pattern, showing a stronger preference for coverage against illness D com-
pared to E or F. These findings highlight differences that are more subtle than those identified

30Al1 of the highlighted plans correspond to the preferences selected in the filter. This suggests that the participants
rarely used the filter to narrow down the selection in such a way that only one or two plans would remain. Instead, for
most decisions, there was still room to decide among a large variety of plans.

31For our analysis, we defined the last selection in the filter as the relevant selection.
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by Jaspersen et al. (2022), underscoring the importance of considering heterogeneity in
decision-making.

The second panel of Table 4 provides information on the features selected by participants who
used the filter. We observe that the feature preferred most by these participants, measured in
terms of the features they selected in the filter, was that which was ultimately included in their
chosen plan. We also observe a prioritization of features insofar as participants focused on
particular features in the filter, which then mainly drove their choice of plan. For Classes 3 and 4,
it seems that insuring against illness D was the main driver of participants’ plan choice, whereas
for Classes 1 and 2, the main driver appeared to be insuring against illness F. It is striking that the
feature preferences of the subset of participants who used the filter mirror the actual plan choices
made by all members of each class. For example, even if the filter was used in only about 30% of
the choices made by members of Class 1, this subset still appears representative of the average of
all further choices made by participants in both the IC and IC filter treatments.

In the post-experimental questionnaire, we asked participants about the role that specific
plan features played in their decisions (results are provided in Table G1 in Appendix G). For
example, we asked how often a participant considered premiums and deductibles when making
their decisions. Additionally, we asked how often they considered whether a plan covered the
cost of 2000 talers when making their decisions. Our results reveal that Class 1 has the highest
percentage of members (98.3%) who always or frequently considered the premium. In contrast,
50.0% of Class 1 members reported never having considered the coverage of the cost of 2000
talers, whereas 94.3% of Class 5 members always considered it. Notably, Class 3, which is the
class that paid the least attention to deductibles, is the only one with WTP values for deduc-
tibles instead of WTA values. This suggests that participants were aware of their preferences
and based their decisions on this.

5 | DISCUSSION AND CONCLUSION

In this study, we investigated heterogeneity in preferences for health insurance features using
choice data from a controlled laboratory experiment with a sequential design. Participants first
made decisions regarding health insurance plans and then completed a series of lotteries to
elicit individual risk preferences. To validate feature preferences, a voluntary feature-based
filter was provided in one treatment group. The filter allowed participants to choose a maxi-
mum deductible and additional coverage for other illnesses and then highlighted the corre-
sponding plans while preserving the entire choice set. Risk preferences were elicited using the
RDEU model in the loss domain, similar to the approach taken by Wakker and Deneffe (1996).

Our study has four main findings. First, our results suggest that, on average, participants are
willing to pay more than the EV to insure against losses, particularly low-probability, high-cost
risks. This stands in contrast to empirical evidence. A meta-analysis by Mankai et al. (2024)
reports that, on average across studies, stated WTP is lower than expected losses, though some
experimental studies find WTP above the EV. For example, Zimmer et al. (2018) find that
individuals are willing to pay more than the EV for default-free insurance, but that WTP drops
sharply and falls below the EV when even small default risks are introduced. Our study
contributes to this debate by (a) supporting existing experimental findings that there are many
individuals who are willing to pay more than the EV to insure against low-probability,
high-cost risks and (b) providing evidence that this willingness is highly heterogeneous across
individuals.
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Second, our welfare analysis shows that welfare losses occur under both the EV and the
RDEU models, indicating that neither fully explains observed behavior at the aggregate level.
However, both models yield more efficient outcomes than random choice. In contrast to the
findings of Jaspersen et al. (2022), who reported that neither EV nor RDEU outperforms
random selection in predicting insurance choices, our results provide a descriptive rather than
predictive or prescriptive perspective, focusing on behavioral welfare evaluation.

Third, at the individual level, the distribution of welfare losses shows distinct behavioral
patterns. The decisions of some individuals are well described by the RDEU model, whereas a
smaller group displays decision patterns consistent with simple EV maximization, which is a
special case of RDEU. However, several individuals show small losses under EV but substantial
losses under RDEU, suggesting the use of heuristics or the presence of decision errors. Other
individuals show substantial welfare losses under both models, likewise pointing to heuristics
or decision errors. These findings suggest that while the RDEU model (which includes EV as a
special case) can capture the decision patterns of some participants very well it does not fit all
behaviors observed. This is consistent with previous research showing that, when faced with
complex health insurance choices, many consumers tend to focus on salient plan features and
use simplifying heuristics, such as choosing the plan with the lowest premium (e.g., Besede§
et al., 2012a, 2012b; Ericson & Starc, 2012; Kairies-Schwarz et al., 2017), or they make erro-
neous decisions (Handel & Kolstad, 2015; Sinaiko & Hirth, 2011).

Fourth, we observe substantial heterogeneity in plan feature preferences across five classes
of participants (identified using a latent class model), as well as in how well individuals' choices
fit with their elicited risk preferences. Under RDEU, we find considerable variation in welfare
losses within each class. This suggests that while the plan choices of some individuals are
consistent with sensitivity to rare, high-cost events, others rely more heavily on heuristics or
make decision errors.

Furthermore, our robustness checks show that this heterogeneity in WTP for certain
plan features is also reflected in participants' use of the feature-based filter. These results
may provide a basis for improving the design of insurance choice environments—for ex-
ample, by offering tools that help match individuals with plans that reflect their feature
preferences.

Our study has some important limitations that should be considered when interpreting
its findings. As with any laboratory experiment, concerns regarding external validity apply.
In this study, two aspects are particularly relevant. First, while the sets of health insurance
choices used in our experimental design provided a well-controlled decision environment, the
results may not be readily generalizable beyond the specific sets included in the study. Second,
the participants were university students, who generally have higher levels of education,
stronger cognitive abilities, and fewer financial constraints than the general population. In
addition, because the sample was drawn from a German university, a majority of participants
(56%) had limited experience with health insurance decisions, as they could remain under
family coverage until the age of 25. Moreover, plan features such as deductibles and illness-
specific coverage are not common in Germany's statutory health insurance system. None-
theless, many participants were approaching an age at which they would soon confront their
first real-world insurance choices. To increase external validity, future research could follow
the approach of Samek and Sydnor (2025), who combined a laboratory experiment using a
student sample and a parallel crowdsourcing experiment using a representative sample. Such
studies could also be conducted in countries in which individuals are more accustomed to
choosing health insurance plans with deductibles and varying options.
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Two further limitations concern the elicitation of risk preferences. First, the methods
used to elicit individual risk preferences with the RDEU model are more complex and time-
consuming than those employed to elicit preferences under EUT, which may have affected
the reliability of the measurements. Second, our evaluation of plan choices is based on an
exogenous measure of risk preferences. Although this avoids the difficulty of inferring
preferences from observed insurance choices, applying exogenously elicited risk prefer-
ences to complex insurance presents its own challenges. Our findings suggest that such a
transfer of preferences across decision domains does not hold universally: some individuals'
insurance choices are consistent with their elicited risk preferences, while others are not. A
possible interpretation is that, in the more complex insurance setting, some individuals
relied on simplifying heuristics or that the greater complexity contributed to decision er-
rors. Although we cannot rule out the possibility that heuristics or errors may also have
affected choices in the lottery tasks, the higher cognitive demands of the insurance task
probably heightened this tendency. Further research is needed to clarify the relationship
between risk preferences in insurance decision-making.

In conclusion, our results indicate that preferences for various features in health insurance
plans and their welfare implications are highly heterogeneous. This should be carefully con-
sidered in policy reforms that seek to facilitate individual choice. Uniform approaches that treat
all individuals the same would miss the mark. A more effective approach would be to tailor
choice environments—for example, by curating plan sets based on individuals' risk
preferences—in ways that better match plan offerings with individuals' true preferences and
ultimately lead to improved welfare outcomes.
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