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Risk Preferences and Field Behavior:
The Relevance of Higher-Order Risk Preferences

By SEBASTIAN O. SCHNEIDER AND MATTHIAS SUTTER

Using new methods, we measure the intensities of higher-order risk
preferences (prudence and temperance) in an incentivized experiment
with 658 adolescents. Aligned with theory, we find that higher-order
risk preferences are strongly related to field behavior, including pre-
vention, health, addictive behavior, and financial decision-making.
Most importantly, we show that ignoring prudence and temperance
can yield misleading conclusions about the relation of risk prefer-
ences to field behavior, and that survey measures of risk tolerance
often relate to field behavior because they capture higher-order risk
preferences. (JEL C83, D81, D91, J13)

Risk is an inherent part of life: Decisions about occupation, education, finances,
or health behavior, to name just a few, regularly involve at least some degree of risk.
Consequently, measuring risk preferences is important for a better understanding
of behavior in various domains of life. While a plethora of research has empirically
documented a connection between commonly used measures of risk aversion and
health outcomes, educational and financial success, or occupational choices (e.g.,
Anderson and Mellor 2008; Dohmen et al. 2011; Becker et al. 2012), there is also
plenty of work that fails to predict field behavior with subjects’ risk aversion (e.g.,
Sutter et al. 2013; Galizzi, Machado, and Miniaci 2016; Charness et al. 2020; Samek
et al. 2021), or reports rather weak relations between experimental measures and
standard survey questions on risk tolerance (e.g., Frey et al. 2017, or Crosetto 2025).
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The somewhat mixed results on the relationship between risk aversion and field
behavior may be related to measurement error, causing imperfect correlations (see
Gillen, Snowberg, and Yariv 2019, for a recent illustration). However, another
potential explanation beyond measurement error is that risk comes in different
forms. In fact, starting with the case of precautionary saving (Leland 1968), a grow-
ing body of theoretical contributions suggests that for explaining a broad range of
field behavior, higher-order risk preferences (in particular prudence and temper-
ance) might be relevant, as the second-order risk preference risk aversion cannot
unambiguously explain behavior in these contexts (Kimball 1990, 1993; Gollier
and Pratt 1996; Eeckhoud and Gollier 2005). Focusing on the “wrong aspect”
of risk preferences and limiting the consideration to risk aversion only (which
applies to all “null-results” mentioned above) might therefore explain, at least par-
tially, the often weak and mixed empirical relation between risk preferences and
field behavior. Particularly so, because the higher-order risk preferences prudence
and temperance not only play a crucial role in explaining intertemporal behavior
under uncertainty, they may also capture attitudes towards important aspects of
the distribution of a risk beyond its mean and variance: left-skewness and kurtosis
aversion, respectively (Modica and Scarsini 2005; Denuit and Eeckhoudt 2010;
Ebert 2013). Imagine you should allocate a mean-zero risk, and you can decide
to allocate it to a state of higher wealth or to a state of lower wealth. Following
Eeckhoudt and Schlesinger (2006), preferring to take risk in the good state of
the world classifies as prudent, which in turn implies decreasing risk aversion.
Similarly, temperance can be interpreted as the preference to allocate two inde-
pendent mean-zero risks across two states of the world, as opposed to accepting
both of them in the same state of the world (Eeckhoudt and Schlesinger 2006).
This means that temperate choices avoid accumulating risks, but rather spread
them out over different states of the world.

In this paper, we present and use novel ways to measure risk aversion and the
higher-order risk preferences prudence and temperance, relate them to field behav-
ior, and contribute to clarifying the often puzzling picture emerging from relat-
ing risk aversion to field behavior. We build on the empirically validated method
developed by Schneider, Ibanez, and Riener (2025) for eliciting utility-based
measures of higher-order risk preferences. Just as risk aversion equals a negative
second derivative under expected utility theory, prudence and temperance can be
defined as a positive third and negative fourth derivative of the utility function.
Here, we develop a sophisticated elicitation procedure for this method as well as an
easy-to-understand implementation that is additionally robust to well-known anom-
alies in decision-making. The method accounts for defective measurement caused
by, for example, decision and approximation errors in the elicitation procedure, and
is the first to yield nonparametric utility-based intensity measures in the spirit of the
Arrow-Pratt measure for risk aversion. In addition, we develop a simple, raw mea-
surement to approximate utility-based prudence intensity. As utility-based intensity
measures are the measures applied in related theoretical work (discussed below) and
as common parametric approaches imply a dependence structure between the orders
of risk preferences that is not matched by empirical data (Ebert and Wiesen 2014),
our nonparametric methods provide the ideal basis to relate intensity measures of
higher-order risk preferences to field behavior.
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We examine the distribution and the determinants of higher-order risk prefer-
ences (and of risk aversion) in a sample of 658 children and adolescents, aged
10 to 21 years. First, we find, in the aggregate, children and adolescents are risk
averse, prudent, and temperate, which is in line with findings from adults (Trautmann
and van de Kuilen 2018). Moreover, we extend the standard finding of gender differ-
ences in risk aversion (e.g., Croson and Gneezy 2009) to apply to higher orders of
risk as well: Females are not only more risk averse, but also more prudent and more
temperate than males (as reported for adults by Ebert and Wiesen 2014). Age has no
effect on the intensity of any (higher-order) risk preference.

Second, we relate our individual experimental measures of risk aversion, pru-
dence and temperance to self-reported behavior in the field. We focus on (to the best
of our knowledge) all domains of everyday life for which theoretical models have
linked the intensities of higher-order risk preferences to behavior. This captures
health-related behavior (e.g., Courbage and Rey 2006), eco-friendly behavior (e.g.,
Bramoullé and Treich 2009), prevention effort to lower the probability of an unde-
sired event (Eeckhoudt and Gollier 2005; Menegatti 2009), and household finance
(e.g., Kimball 1990). Except for the area last mentioned (Noussair, Trautmann, and
van de Kuilen 2014), there are no empirical studies on the relationship between
higher-order risk preferences and field behavior in these domains (Trautmann and
van de Kuilen 2018). We find that prudence and, to a lesser extent, temperance
are very important for predicting field behavior, as suggested by theory. To start,
we can replicate in our sample of children and adolescents the seminal result of
Noussair, Trautmann, and van de Kuilen (2014) that financial decision-making is
related to prudence and temperance. Drawing on a much larger set of field behavior,
we uncover many novel insights beyond the domain of financial decision-making.
Most importantly, prudence is strongly related to health-related behavior, but risk
aversion is not. This holds particularly true for addictive behavior like the obsessive
use of smartphones, but also extends to including smoking and drinking, or being
overweight. Prudence also matters for other domains of field behavior, such as pre-
vention behavior or the preference for a competitive income. Temperance is related
to investment, prevention behavior and cautious planning. Our experimental mea-
sure of risk aversion, however, is only related to prevention and eco-friendly behav-
ior, and to a preference for competitive income, while it is unrelated to all other
domains. The latter could be mistaken as meaning that risk preferences play no role
for other, important fields of behavior, such as health-related behavior and finan-
cial decision-making. Yet, they do, as our findings for higher-order risk preferences
reveal. This suggests that higher-order risk preferences should be taken into account
when studying the relation of risk preferences to field behavior to avoid misleading
conclusions. Reassuringly, we can rule out a series of alternative explanations for
our findings, including biased measures, measurement error and noise, probability
weighting, reference dependence, and random decision-making.

Third, we examine how frequently used survey measures (e.g., Dohmen
et al. 2011) relate to our set of field behavior. Usually, such survey measures are
interpreted as capturing risk aversion, and they are more often successful predic-
tors for field behavior compared to experimental measures of risk aversion, as our
extensive literature review shows. This is also true in our sample of children and
adolescents. However, we are the first to show that survey measures are related to
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field behavior because they are correlated with higher-order risk preferences up to
the same degree as risk aversion is. This insight, together with the previous results,
can help understand why survey measures of risk aversion are often related to field
behavior, while experimental measures of risk aversion are not.

Our paper contributes to the literature in several ways. The first contribution is to
provide a unified experimental framework to measure higher-order risk preferences
(and risk aversion) for a large sample of children and adolescents, using novel meth-
ods to elicit nonparametric utility-based intensity measures. To date, the standard
approach to obtain intensity measures of higher-order risk preferences has been to
count the number of decisions in the binary, “behavioral” classification tasks due to
Eeckhoudt and Schlesinger (2006) that indicate prudence or temperance. For the
lack of a theoretical relation to any proper intensity measure or an empirical justi-
fication (for a discussion, see, e.g., Noussair, Trautmann, and van de Kuilen 2014),
the interpretation of this “‘count measure” as an intensity measure is, however, ques-
tionable. Moreover, as a discrete measure with limited support and variation, its
suitability to empirically relate to field behavior is restricted. Our measures over-
come all these imperfections, while our developed implementation of the method,
i.e., our elicitation tasks are arguably easier to understand for participants than the
compound-lottery tasks based on Eeckhoudt and Schlesinger (2006), which makes
the measurement even faster. Even though this helps avoiding decision errors to
begin with, our sophisticated method additionally accounts for errors in measure-
ment, which is particularly important for prediction purposes (Gillen, Snowberg,
and Yariv 2019). Consequently, our sophisticated measures demonstrate superior
predictive power and greater robustness to noise and decision errors when compared
to our raw measures. Moreover they entail a measure for temperance. Our novel, raw
measure of (utility-based) prudence, in turn, is plain and intuitive. It is also easily
implemented and operationalized (and still has a clear theoretical interpretation as
intensity measure and a wider support than the “count measure”). Next, while risk
aversion has been studied extensively, including this age group (see Sutter, Zoller,
and Glitzle-Riitzler 2019, for a review), for prudence the evidence in this group is
limited to Heinrich and Shachat (2020). They analyze the number of prudent deci-
sions as proxy for prudence intensity from a sample of 362 Chinese children and
adolescents. Unlike us, Heinrich and Shachat (2020) do not compare theoretically
predicted relations of prudence to field behavior and disregard temperance alto-
gether, which has, so far, never been studied with children or adolescents.

Our second contribution is that we are the first to connect higher-order risk prefer-
ences to a much wider range of field behavior than before, and the first to study their
relation to adolescents’ behavior. So far, empirical work is confined to the seminal
study of Noussair, Trautmann, and van de Kuilen (2014) about how higher-order
risk preferences of Dutch adults relate to their financial decisions. We also con-
sider the financial behavior of our adolescents, confirming the findings of Noussair,
Trautmann, and van de Kuilen (2014) also for our younger age group. Yet, our focus
lies on providing a comprehensive approach, including, in particular, the theoret-
ically related domains of field behavior that have not been linked to higher-order
risk preferences empirically, some of which might be considered most formative in
this age group. For example, smoking or drinking during the teenage years has high
predictive power for also showing such behavior in adulthood (DeWit et al. 2000;
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Paul et al. 2008). Thus, a key domain of our study is health-related behavior,
where we focus on excessive smartphone usage, which has been linked to mental
health issues, like depression, and poor well-being of adolescents (Przybylski and
Weinstein 2017; Orben and Przybylski 2019). We successfully relate prudence to
health-related behavior and financial decision-making. We also link (higher-order)
risk preferences empirically to adolescents’ eco-friendly behavior and their preven-
tive behavior to avoid undesired events.

Our third, and arguably most important, contribution relates back to the often
weak or inconclusive empirical results on the relation of risk-aversion measures to
field behavior, and is unprecedented in the literature. On the one hand, we illustrate
with experimental measures how weak or even null results regarding the relationship
of risk preferences to field behavior may be due to omitting prudence and temper-
ance—even above and beyond issues of measurement error. For example, we show
how focusing on risk aversion and neglecting higher-order risk preferences results in
wrongly concluding that health-related behavior is unrelated with risk—whereas a
measure of prudence would clearly reveal such a relationship. On the other hand, the
commonly used one-item survey measure on risk tolerance (e.g., Falk et al. 2018)
often successfully relates to field behavior, even in cases where experimental mea-
sures of risk aversion do not. We can replicate this pattern, and show that in our
data this is the case because survey measures capture prudence and temperance and
account for them when relating to field behavior, whereas in the literature they are
usually assumed to be measures of risk aversion (only). These insights provide a
novel view on previous findings and demonstrate the importance of accounting for
higher-order risk preferences in empirical analyses of theoretically related behavior.

I. Experimental Design
A. General Setup

Subject Pool.—We ran the experiment in four German schools in fall 2018 during
regular school hours. In all schools, classes were selected randomly such that at least
one class per grade from grades six, eight, ten, and twelve participated in the study.
In total, 658 children and adolescents took part voluntarily and with their parents’
informed consent.!| 99 percent of our participants were between 10 and 18.5 years
old (see Supplemental Appendix Table D-1 for details).

General Experimental Setup.—The study was run on tablet computers using
oTree (Chen, Schonger, and Wickens 2016). Instructions were the same in every
session.” As we describe in the following subsection, we, first, elicited risk and time
preferences, then measured cognitive abilities and, finally, administered an exten-
sive survey on field behavior; see Schneider and Sutter (2026) for the data collected.

In the experiment, adolescents could earn up to 280 “taler.”” We explained the
conversion rate from taler to euro carefully and varied it depending on age, such
that the maximal earnings corresponded to 120 percent of the weekly amount of

!Less than 5 percent of parents in participating classes did not provide informed consent.
2Instructions are available in Supplemental Appendix F.
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pocket money recommended by the German Federal Ministry of Family Affairs
for the different age cohorts (see the website Familien-wegweiser.de 2018). This
was done in order to hold the relative value of a taler constant across the cohorts.
In total, adolescents made 18 decisions in our risk-preference and four decisions
in our time-preference tasks. In addition, we included three tasks to validate our
measures of prudence. Among all decision tasks, one was randomly selected for
payment by the computer. If one of the risk tasks was selected, and the participant
chose an option with a random element, chance was resolved by the computer. The
payoffs in these tasks ranged from 0O to 140 taler. If one of the time-preference tasks
was selected for payment and the later payment was chosen, it was handed over to
the student in an anonymized way at the specified date. The payoffs in these tasks
ranged from 100 to 140 taler. Payments (in cash) also included a show-up fee of
70 taler and up to 70 taler for the cognitive-ability tasks.

B. Risk and Time Tasks, Risk Survey Items, and Cognitive Ability Tasks

Risk.—Elicitation of Certainty Equivalents: With the exception of the validation
measure, all our experimental risk preference measures (introduced below) build
on certainty equivalents. A certainty equivalent is the sure amount of money that
makes a subject indifferent between a lottery and a sure amount of money. To find
these amounts, we use the so-called bisection approach, in which participants have
to choose between a sure payoff and a lottery in an iterative manner.” To keep it
as simple as possible, we use only two-outcome lotteries, with the two outcomes
being equally likely. Doing so not only facilitates understanding, but at the same
time keeps concerns about the possibility of probability weighting within limits (as
we show in Supplemental Appendix B.3). The choice in the first decision task was
between 70 taler for sure and an equal chance of getting zero or 140 taler (see
Figure A-1 in Supplemental Appendix A for a screenshot of our easy-to-understand
choice task). If a subject chose the sure payoff, the amount of the sure payoff would
be decreased in the next iteration, whereas if they chose the lottery, the sure pay-
off would be increased. From three such iterations, we approximate indifference
amounts for a specific lottery, i.e., the certainty equivalents, by taking the mid-point
of the interval in which it must lie. See Supplemental Appendix A.3 for a detailed,
exemplary computation of a certainty equivalent for a lottery depending on partici-
pants’ decisions.

To learn about risk preferences on a wider range of outcomes (and to establish
utility curves, as we describe in the next section), we elicited the certainty equiva-
lents of five more lotteries with amounts in the interval from 0 to 140 taler. Hence,
subjects made 18 choices in total (for six certainty equivalents) in this part of the
elicitation. Departing from the first lottery, denoted L (0, 140) for short, we create
the next two lotteries: Denoting the elicited certainty equivalent to L (0, 140) with

3The bisection approach is not theoretically incentive compatible, as it may lead subjects not to reveal their
preferences truthfully in order to increase their expected payoff (e.g., Harrison 1986). Ex post, by analyzing aggre-
gate and individual choice behavior, we can investigate whether this has happened systematically, but we find no
evidence for adolescents gambling the method (see Supplemental Appendix A.4). In light of our subject pool, fol-
lowing Bardsley et al. (2010), we had purposefully chosen this behaviorally incentive-compatible method, to avoid
the complexity of theoretically incentive-compatible alternatives such as choice lists.
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FIGURE 1. DYNAMICALLY OPTIMIZED ELICITATION OF CERTAINTY EQUIVALENTS

CE, 5 (as the expected value is just half the maximal payoff), we next elicit the cer-
tainty equivalents CE »s and CE 75 to the lotteries L(0, CEys) and L(CEj s, 140),
respectively.

Dynamically Optimized Certainty Equivalent Method.— Now one of our inno-
vations comes into play that will become important, as shown in the next section:
In addition to these three elicited certainty equivalents, and depending on the differ-
ences between certainty equivalents, we elicit either CE, 1,5 or CE| 375, and either
CE 625 or CE; g75.

Figure 1 provides an illustration: In this scenario, the distance between CE| 75
and x,,, = 140 is larger than the distance between CE s and CE| ;5. Therefore,
we elicit CE g75 (and not CE ¢,5), to minimize the differences in elicited certainty
equivalents. Put differently, for every participant we make sure that they decide over
a wide range of monetary amounts. We thus avoid situations where, for large regions
of monetary outcomes, no fine-grid decision is available. A last certainty equivalent
minimizes the by then largest difference in certainty equivalents.’

Behavioral Prudence Task (Validation Task): In order to cross-check our new
measures of (higher-order) risk preferences introduced below, we additionally elic-
ited prudence using a version of the widely used “behavioral” classification task
going back to Eeckhoudt and Schlesinger (2006). To account for our sample, we
adapted the tasks from Heinrich and Shachat (2020), where compound lotteries
are reduced following Maier and Riiger (2011), and let subjects make decisions in
three additional tasks between two equally likely four-outcome options of the type
(30, 70, 100, 100) versus (50, 50, 80, 120), see Figure F-1 in the Supplemental
Appendix for an illustration of such a task. In the second task, the amounts 10, 90,
100, 100 (Option A) versus 50, 50, 60, 140 (Option B) were used, and 60, 100, 100,
100 (Option A) versus 80, 80, 80, 120 (Option B) were the corresponding amounts
in the third task.

Risk Survey Measures: Finally, we also administered a survey question on risk
attitudes. This was done because the literature often uses a single-item survey ques-
tion about one’s willingness to take risks, and then relates the responses to field
behavior. Specifically, we use the standard question on willingness to take risk in

41f, for example, up to this last step, the certainty equivalents CEj»s, CEy2s, CEys, CEyeps, and CEg s
have been elicited, this could be one of the following certainty equivalents: CE g5, CE( 1875, CE( 375, CE( 56255
CEj 6375, CE(g75. See http://horp-otree-apps.sebastianoschneider.com/ for an illustration of the implementation
(Schneider 2025a).
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general, first included in the German Socio-Economic Panel (SOEP; Wagner, Frick,
and Schupp 2007; Dohmen et al. 2011; Falk et al. 2018). Additionally, we use an
adapted subset of the DOSPERT questionnaire (Weber, Blais, and Betz 2002) that
was built to assess risk in the domains of health/safety as well as recreational,
ethical, social, and financial decisions.” The survey questions used to address gen-
eral risk-taking behavior are printed in Supplemental Appendix E.8. Adding survey
questions to our study design allows us to relate our experimental, utility-based
measures, in particular those of prudence and temperance, to those survey measures
and examine if it is appropriate to interpret the latter as a measure of risk aversion,
or whether they also capture higher-order risk preferences.

Time.—To measure time preferences, we elicited with a bisection approach the
so-called future equivalent: the amount of money that makes a participant indif-
ferent between receiving a given payment right away and receiving the elicited
amount with a three-week delay. As our measure of time preference (or impatience),
we use the ratio of the future equivalent to the earlier payoff. See Supplemental
Appendix A.1 for details and Chabris et al. (2008) on the importance of accounting
for time discounting when studying risk-taking behavior.

Cognitive Abilities.—Concerning our measure for cognitive abilities, we focus on
fluid intelligence, and use a time-weighted average of scores in a standard matrix test
and in a symbol-digit-correspondence task (Dohmen et al. 2010). See Supplemental
Appendix A.2 for details.

C. Selection of Field Behavior and Survey Design to Elicit Field Behavior

At the end of experimental sessions, we administered an extensive questionnaire
on field behavior. The selection of domains was motivated by the availability of the-
oretical models that related higher-order risk preferences to everyday field behavior.
Then, for every identified domain of behavior, we carefully developed survey items
to capture the given behavior adjusted to adolescents’ reality of life, drawing on our
rich set of best practices for this age group (Sutter, Zoller and Glitzle-Riitzler 2019).
Here we present the intuition for each domain and typical questions for elicita-
tion. Supplemental Appendix E contains the full (verbatim) questionnaire. There,
we also provide some theoretical background, including a general framework (in
Supplemental Appendix E.1) to illustrate the potential role of prudence for the var-
ious domains of field behavior.

Health-Related Behavior—Prudence has been linked theoretically to the health
domain, for example by studying multivariate risk taking (e.g., Eeckhoudt, Rey,
and Schlesinger 2007), modeling health-related prevention effort (e.g., Courbage
and Rey 2006), the demand for medical care (e.g., Dardanoni and Wagstaff 1990),

5We use a subset of these questions to account for our underage sample: some questions (e.g., having an affair
with a married person or cheating on one’s tax return) would induce low variation and seemed inappropriate to ask
adolescents as young as age 10. Moreover, we adapted some questions (e.g., using a helmet when riding a bike
instead of riding a motorbike).
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or medical treatment decisions (e.g., Bleichrodt, Crainich, and Eeckhoudt 2003). In
the life reality of adolescents, health-related behavior is arguably best captured by
considering behavior that risks their health status (or avoids such behavior).

To test the importance of higher-order risk preferences for health-related behav-
ior, we include several questions in our questionnaire to capture such behavior.
Notably, we include a novel, self-constructed scale consisting of six questions to
capture smartphone and social-media addiction, as this kind of addictive behavior
has gained tremendous attention over the last decade (e.g., Hormes, Kearns, and
Timko 2014; Andreassen 2015; He, Turel, and Bechara 2017). Yet, to our knowl-
edge, it has been ignored in the risk-taking literature so far.

Our scale on abusive smartphone usage comprises questions such as “When I
feel bad or when I face a difficult task, I distract myself with my smartphone,” “I
feel uncomfortable (e.g., nervous or fretful or disquiet or a bit sad) when I can-
not use my smartphone for a considerable time, because of an empty battery, no
signal, or because my smartphone was taken away,” or “I often check my phone
while eating with my family to see if there are any news.” In addition to abusive
smartphone usage, our addictive behavior index comprises smoking and drinking
behavior. Behavior that generally is a risk to health additionally includes items on,
e.g., the BMI or physical inactivity. See Section E.3 in Supplemental Appendix E for
all items used, as well as theoretical considerations based on our illustrative model
(in Supplemental Appendix E.1) on how prudence might relate to health-related
behavior.

Financial Decision-Making—Prudence was already linked to financial
decision-making, in particular precautionary saving by Leland (1968) via a positive
third derivative of the utility function (see the illustrative model in Supplemental
Appendix E.1). Temperance is theoretically related with less risky investment as
a reaction to greater background risk (Kimball 1992; Gollier and Pratt 1996). The
impact of prudence on insurance demand is negative when there is uncertainty
about the value of the insured item (e.g., Fei and Schlesinger 2008). Using the
“behavioral” elicitation method by Eeckhoudt and Schlesinger (2006), Noussair,
Trautmann, and van de Kuilen (2014) have been the first to explore the relation
between higher-order risk preferences and financial decision-making with experi-
mental measures.

With respect to financial decision-making, we extend their seminal paper by
studying adolescents. Naturally, adolescents take fewer financial decisions than
adults. However, in particular in Germany, their financial education has long started.
They all receive regular pocket money, cash gifts, or earn money in a side job,
for which reason they are legally allowed to make financial decisions, including
insurance choices, themselves (even at a smaller scale than adults). To study deci-
sion-making adjusted to their situations, and to investigate whether our sample fol-
lows the same general patterns as found for adults in Noussair, Trautmann, and
van de Kuilen (2014), we include questions on saving, risky investments and insur-
ance coverage.

To collect field behavior on saving, we ask students for example what fraction of
a gifted 50 euro bill they would save, or how they handle their pocket money, where
possible answers range from “I spend everything quickly” to “I save everything.”
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The equivalent to adults’ preference for risky investment is assessed with ques-
tions like “Have you ever used money that was originally intended for something
else at a subsequent date (e.g., for holidays or a present), for a bet or invested it
in stocks”? To address insurance demand, we ask for the possession of a bike or
phone insurance, and whether students bought it themselves. See Section E.4 in
Supplemental Appendix E for the full list of items targeting financial behavior, as
well as sketches of the theoretical models linking higher-order risk preferences to
financial decision-making.

General Prevention and Eco-Friendly Behavior—Prevention behavior (as an
effort to reduce the probability of an adverse event, Ehrlich and Becker 1972)
has been theoretically connected to prudence. In one-period models, the preven-
tative effort and the potential loss are contemporaneous. Contrary to intuition, in
this setting, and with equally likely loss and no-loss states, prudence has a nega-
tive impact on the optimal level of prevention, since the prudent agent prefers to
accumulate wealth to face future risks instead of investing in preventative effort
(Eeckhoudt and Gollier 2005). In two-period models, the preventative effort pre-
cedes the potential loss. In that setting, the relation between prudence and the
optimal level of prevention is positive (Menegatti 2009). Regarding eco-friendly
behavior, the model by Bramoullé and Treich (2009) addresses global warming
and climate change outside the prevention context and predicts a negative effect
of prudence.

In our survey, we ask for actions preventing an unwanted event that might argu-
ably happen on the same day (one-period model) and in the more distant future
(two-period model). Moreover, we add questions on eco-friendly behavior.

We ask, for example, for agreement to the statement, “Since I think of packing
something to eat and drink during longer journeys by bus, train or car, I am not
hungry or thirsty in such situations,” to capture effort provision in order to prevent
hunger, an event that is likely to happen on the same day. Contrarily, agreement
to the statement, “Since I do not know yet what I would like to become later, I
try to get good grades to keep all possibilities open to me,” indicates effort pro-
vision in order to prevent a missed chance in the future. We address eco-friendly
behavior by asking, for example, whether students separate their waste, use reus-
able coffee cups, bottles, or shopping bags, take their bike when possible (instead
of a bus or car), or turn down the heating if leaving a room. See Section E.5 in
Supplemental Appendix E for the questions as well as theoretical considerations on
the relationships of short- and long-term prevention effort, eco-friendly behavior,
and higher-order risk preferences.

Planning Behavior.—In a seminal paper, Kimball (1990) developed the “theory
of the optimal response of decision variables to risk (which includes precautionary
saving as a subcase),” and defined prudence as the “sensitivity of the optimal choice
of a decision variable to risk” (Kimball 1990, p. 54), thus the degree to which plans
are adapted to risk.

We test if we find support for prudence in this more general sense as a measure
of cautious planning. The decision situations considered in our questions are, e.g.,
preparation for a class test, or being on time for a meeting.
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We ask participants how much more time they invest in the given situations, if
risk increases by, for example, a more uncertain scope of the class test, or by red
lights on the way to the meeting. See Section E.6 in Supplemental Appendix E for
the exact wording of the items used and some notes on how to think of this kind of
behavior within our illustrative model.

Preference for Competitive Income.—Selecting into a job as civil servant has been
related to risk aversion and prudence by Fuchs-Schiindeln and Schiindeln (2005):
They attribute a lower heterogeneity in precautionary savings to self-selection of
risk averse and prudent individuals into low income risk occupations.

We hence include in our survey questions about participants’ preferences for a
competitive income. We ask questions on the preference for risky /riskless occupa-
tions in the future (e.g., “Would you like to become a civil servant?”’). We moreover
add a tangible proxy for the choice of job type, and ask whether participants would
have preferred a fixed or a tournament payment instead of the piece rate payment for
the cognitive ability tasks. Uncertainty about future income causes prudent individu-
als to engage in precautionary behavior by accumulating more money in the present.
For this type of questions, prudent individuals might prefer a payment scheme that
yields a higher payoff in expectation. See Section E.7 in Supplemental Appendix E
for the exact wording of all items used.

Building Indices of Field Behavior.—For most of the questionnaire, we obtained
data for all 658 students.’ We build indices for the different domains of behavior.
Importantly, all indices contain all information that we have gathered for an individ-
ual in the respective domain. Since both meaning and variation in a given question
might differ between the age groups, and because some questions were not asked
to the younger cohorts (e.g., on drinking alcohol), we first aggregate results per age
cohort. For every domain of field behavior and every age cohort, we first run a prin-
cipal component analysis (PCA) using all the variables resulting from the questions
that we had asked in the given age cohort for a given domain of field behavior. If all
the variation in all those variables should be reduced to just one variable or dimen-
sion, the first component of the PCA would be the best pick. A component is essen-
tially a linear combination with component-specific weights for all the variables, and
it is given by the vector of weights, with one weight for each variable. We thus build,
for every domain of field behavior, indices per age cohort using weights from the first
component of the PCA.’ We then center and standardize each of these age-cohort
indices so that for all age cohorts, the resulting index is on the same scale. For final
aggregation, i.e., to obtain just one index of field behavior for every domain, for
each individual, we simply pick the relevant age-cohort index in accordance with our

6Some questions, however, were not asked to the youngest students (e.g., drinking or dating behavior), in
accordance with our agreements with participating schools and to get meaningful results (see the respective notes
to a question in Supplemental Appendix E).

7For example, for planning behavior, our outcome for the twelfth grade is created as linear combination .031 x
QI + 0.24 x Q2 + 0.45 x Q3, where the questions ask about preparation for a class test (Q1), travel plan-
ning (Q2), and handing in a term paper (Q3). For the tenth graders, e.g., the weight on the class test (Q1) decreases
t0 0.22, so Q1 seems to have less importance for them, perhaps as results do not enter their school-leaving certificate.
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pre-registered analysis plan.” Therefore, all of our dependent variables are centered,
standardized, and continuous, and we thus use OLS regression.

II. Methods to Measure (Higher-Order) Risk Preferences

Now we present our methods to obtain raw and sophisticated measures of
(higher-order) risk preferences based on the experimentally elicited certainty equiv-
alents as described in the previous section. Here, we first describe our raw measures.
We develop a raw, simple measure of prudence in order to show that our results are
essentially the same, even if we use measures that result from (few) certainty equiv-
alents by means of addition, subtraction, division and multiplication only. We then
present the sophisticated method building on Schneider, Ibanez, and Riener (2025),
to which we contribute by introducing what we call the dynamically optimized cer-
tainty equivalent method and with our easy-to-understand implementation.

Our methods build on utility-based definitions of higher-order risk preferences
to be able to obtain utility-based intensity measures. This is important from a the-
oretical point, as all the theoretical work relating higher-order risk preferences to
field behavior involves these measures, and there are no alternatives to elicit them
cleanly. Neither is there a clear relation between these measures and the prudence
and temperance premia resulting from the method by Ebert and Wiesen (2014), nor
to the “count measure” building on Eeckhoudt and Schlesinger (2006). This mea-
sure counts the number of prudent decisions in “behavioral,” binary classification
tasks and uses this number as an approximation of prudence intensity.

Another argument for our methods and the resulting utility-based measures is
that they allow for a very quick and easy-to-understand elicitation task. Using this
implementation, all the information to construct intensity measures of risk aver-
sion, prudence and temperance can be elicited in about two minutes, compared
to the one-and-a-half-hour format of the method by Ebert and Wiesen (2014).
Moreover, using our easy-to-understand task also avoids the high and increasing
complexity inherent in the so-called risk apportionment method (Eeckhoudt and
Schlesinger 2006), where with every order of risk preference an additional com-
pound lottery is introduced. For example, to measure temperance, each option
consists of the combination of three lotteries. As ambiguity aversion seems to be
almost identical to aversion to compound lotteries, choice behavior in these com-
pound tasks might actually reflect a mixture of higher-order risk preferences and
ambiguity aversion (e.g., Chapman et al. 2023). While reduction of compound lot-
teries is possible, the results from Heinrich and Shachat (2020) call for caution in
using this approach already for prudence (at least with adolescents): For one of the
three tasks they employ to measure prudence, behavior cannot be distinguished
from random choices even when pooling all age cohorts. Our methods, in turn,
are very intuitive and cognitively accessible, even to a sample of adolescents or

8The two indices capturing insurance demand and the preference for a competitive income are not aggregated
using PCA. In case of no missing values, they consist of only two binary questions (plus two follow-up questions)
and four binary questions, respectively. Hence, their support consists of 9 and 16 elements, respectively. Here, using
weights from a PCA per age cohort would shift the support for every age cohort marginally, thus introducing noise
in the measure when aggregating the indices rather than precision. Therefore, we compute z-scores for every item
and add them.
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the general population. Thus, they allow for measuring prudence and temperance
with important samples, including in repeated household panels: Participants only
have to choose repeatedly between a safe outcome and a two-outcome lottery with
equiprobable outcomes.

Lastly, our sophisticated method allows to address errors in measurement that
obviously complicate relating experimental measures with anything else (see Gillen,
Snowberg, and Yariv 2019, for an illustration). Actually, already our raw measure
can be expected to be a better measure compared to alternatives (due to a larger
support, and hence, variation, for being a continuous measure, together with a very
low level of complexity). Yet, the predictive quality of the sophisticated measures
is unmatched by the raw measures. The combination of using both sets, however,
is valuable beyond showing the robustness of our results to using plain and trans-
parent measures. It is also very helpful to explore (and rule out) potential issues
of noise-induced (correlated) measurement error, as we explain in Supplemental
Appendix B.2.

A. Raw Experimental Measures of Risk Aversion and Prudence

We first show how we compute simple, nonprocessed intensity measures for risk
aversion and prudence. For a simple, “behavioral” (i.e., model-free) intensity mea-
sure of risk aversion, one certainty equivalent suffices. We define the normalized
risk premium for a two-outcome lottery with equally likely outcomes as

I’CE = ((xhigh - xlow)/z + Xjow — CE)/(xhigh B xlow)’

where CE denotes the certainty equivalent, and x;;,, and x;,, denote the high and
low outcomes of the corresponding lottery, respectively. It is simply the standard-
ized difference between the expected value and the certainty equivalent, where pos-
itive values imply risk aversion, and negative values imply risk-seeking behavior.
For the first certainty equivalent that we elicit, we can compute this measure and
compare it across all individuals, as x;;,, = 140, and x;,,, = 0 for all participants
in the first lottery.

The risk premium, and hence, our simple measure r*~“, is proportional to the
Arrow-Pratt measure r = —u”/u’ under EUT, a result well-known due to
Pratt (1964). For our data, this raw, behavioral measure of risk aversion r* will
be highly correlated with r as derived from our sophisticated method (introduced
below), as we will see in the results Section III.

For the (utility-based) intensity measure of prudence p = u”/u’, a similar link
to choice behavior can be established: From Leland (1968, eq. 19), it follows that

(1) p = (—r)2 — 7.

CE

i

Hence, those who exhibit decreasing risk aversion (—r/ > O), that is, those who
ask for a lower risk premium for the same risk as their wealth level increases, are
prudent (sufficient, but not necessary condition). In addition, from (1), we see that
risk aversion is not at all a necessity for prudence, emphasizing the importance of a
nonparametric approach to “allow” for prudent risk seekers.
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We can use equation (1) to build a simple measure of prudence that is based
on choice patterns in only a few choices, which we still can easily interpret: We
approximate the derivative of r with the change in r¢F that is associated with an
increase in the lowest outcome of the corresponding lotteries, i.e., an increase in the
level of wealth to which risk is added. As the first three certainty equivalents that
we elicit correspond to the same levels of utility for all participants (u = 0.25, 0.5,
and 0.75, see Section IB), and to reduce the influence of decision errors, we average
two measures of decreasing risk aversion and the corresponding three measures of
risk aversion r“%, and use as our simple measure of prudence:’

(2) p = P2 pCE — ((rCE[)_zs 4 7CEos 4 rCE(]_7S)/3>2
+ ((rCEn.s _ FCEO'75)/CEO'5 + (rCEo.zs _ I"CEO'75)/CEQ5)/2.

Despite a slightly more complex expression compared to 7“E, we will see in the
results Section III that also our simple prudence measure p“* is highly correlated
with its sophisticated counterpart p.

B. Sophisticated Method for Measuring (Higher-Order) Risk Preferences

The intuition of the sophisticated method is as follows: First, we determine cer-
tainty equivalents (as described above). These values yield x-coordinates of the
points of the utility function that we seek to obtain, and their y-values result from
straight-forward calculations under EUT as explained below. Then, we transform
these points on the utility function (utility points for short) into individual utility
functions, using a (local) nonparametric regression approach for this (generalized)
interpolation task. Finally, utility-based intensity measures can be derived from pre-
dicted utility functions. We now explain each step in detail.

Part 1: From Certainty Equivalents to Utility Points.—From the lottery choices
of participants, i.e., the elicited six certainty equivalents, we obtain eight utility
points as follows. We, first, normalize the utility function, such that for the highest
possible outcome across all tasks x,,,, = 140 taler, we set u(xmax) = 1, and for
Xmin = 0 taler, the lowest possible outcome in our procedure, we have u (xm,-,,) = 0.
Then, the expected utility of a lottery with these two equally likely outcomes is
0.5u(Xpqr) + 0.5u(x,;,) = 0.5. As, per definition, subjects should be indifferent
between receiving the lottery and the certainty equivalent CE, 5 for this lottery, the util-
ity to them must be the same. Thus, u(CEj5) = 0.5. We thus have fixed the third util-
ity point (CEj5,0.5). Iterating this procedure, we obtain 0.5u(x,,,) + 0.5u(CEs)
= 0.25 = u(CEps). Similarly, we obtain (CEy7s,u(CEyss5)) with the certainty
equivalent CE 75 corresponding to the lottery L(CEj s, X4y )-

9The first three certainty equivalents are CEjs, CE,s, and CE; 75, with vectors (x,,,,-n,x,,m) = (0,140),

(0,CEys), and (CE, s, 140) containing the outcomes of the corresponding lotteries. Thus, for s and for rCFozs
the wealth level to which risk is added is 0, and for r£7s it is CE,) 5.
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Improving Predictions with the Dynamically Optimized Certainty Equivalent
Method.—Now our contribution to the method, an extension of the certainty equiva-
lent method, comes into play: As we wish to predict utility functions with our experi-
mental measurements (i.e., the certainty equivalents), it is central to have information
about individuals’ utility on a wide range of monetary outcomes. In statistics, it is
well-known that an increase in the variation of measurement points (the certainty
equivalents in our case) increases prediction quality. Hence, to avoid concentration
of measurement points, and avoid situations where for large regions of outcomes
no measurement (utility point) is available, we use the dynamically optimized cer-
tainty equivalent method (described in Section IIB). Consequently, we obtain either
utility points (CE 155,0.125) or (CE(375,0.375) and either (CEg)s,0.625) or
(CE0_875, 0.875), depending on which of the options would increase the variation of
measurement points. In a similar fashion, the last utility point is obtained. That way,
we ensure the derivation of meaningful preference measures both from a conceptual
and a statistical point of view.

So far, we have explained how we obtain six utility points from our experimen-
tally elicited certainty equivalents (in addition to the two fixed points), and pre-
sented our contribution regarding the elicitation procedure. We now move on to the
statistical part.

Part 2: Nonparametric Prediction of Utility Functions from Utility Points.—We
now describe how we obtain nonparametric utility functions from the elicited utility
points by means of a (generalized) interpolation approach, in a way that accounts for
errors or noise in the utility points. This is the statistical core of the method, devel-
oped in Schneider, Ibanez and Riener (2025) and implemented in the R-package
utilityFunctionTools (Schneider 2025b), which we use in this paper. The method
relies on a nonparametric regression approach—penalized (P-)spline regression
(Eilers and Marx 1996)—that has been adapted to the case of individual utility
functions such that (utility-based) intensity measures of higher-order risk prefer-
ences can be computed. Here, we give a brief, nontechnical overview of the method
to highlight the key advantages for our purpose. In Supplemental Appendix A.5 we
provide a more extensive summary, including the technical details.

As the name reveals, penalized (P-)spline regression is a spline regression
approach that involves a penalty. The idea of spline regression essentially is to make
polynomial regression more flexible without severely over- or underfitting the data
(a well-known complication with polynomial regression, see Runge 1901). This
is achieved by cutting the interval, on which the regression polynomials (such as
xx4x3, ) are defined, into potentially too many subintervals. The polynomial
functions to regress on are now piecewise locally defined, that is, only on few sub-
intervals they are different from zero. This generates the necessary flexibility to fit
utility functions as it allows to have different functional forms in different subinter-
vals. For example in the first subinterval, we can have a cubic function, and in the
last, we can have a rather linear one. Here, we use polynomials of degree six in order
to allow for a nonlinear fourth derivative of the utility function, which characterizes
temperance.

The penalty is the crucial ingredient with which we implement error correction.
At the same time, it addresses over- and underfitting and allows fitting a curve of
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degree six even with less than seven points (we use eight). Simply put, our penalty
measures how “unsmooth,” “wiggly” or “rough” a utility curve will be. Technically
speaking, the penalty captures the variation in regression coefficients of the poly-
nomial functions defined on close-by subintervals (see Supplemental Appendix A.5
for details). It is simply added with a to be determined weight A to the standard
linear regression objective function. The higher A, the more we weight the penalty
compared to the usual objective of minimizing squared residuals. Hence, the more
we weight (i.e., penalize) roughness, the more we relax the objective to fit the data
perfectly. At the same time, an increase in A results in an increasingly smooth utility
function, resulting from a lower variation in neighboring regression coefficients,
i.e., a lower penalty. Figure 2 illustrates predicted utility functions, depending on
different values for A.

How does A relate to noise and error correction? Obviously, with perfectly mea-
sured utility points, we want the fit to the points to be as high as possible (A = 0).
If we, similar to instrumental variable approaches to address errors in variables (e.g.,
Durbin 1954; Gillen, Snowberg, and Yariv 2019), interpret inconsistent variation
that cannot be predicted with other measurements as noise or error, we may use
A > 0 to correct for this: A higher A attaches, roughly speaking, a lower weight
to a single utility point, and this applies in particular to points that deviate from the
shape of the utility curve that the remaining points suggest. The idea of error correc-
tion hence is a “global” one, where all information is considered (as opposed to no
error correction as in, e.g., linear interpolation, where the focus is “local” and only
two points are considered at a time). Regarding this “global” focus, our approach
is similar to a parametric fitting approach. However, it is much more flexible, and
allows also for cases that would be ruled out by the common parametric utility func-
tions (such as prudent individuals who behave in a risk-seeking manner; something
that our approch can capture).

The penalty weight A then is determined using cross-validation following the line
of thought just described. This procedure determines the shape that the majority of
points suggests by picking the A that maximizes the predictive quality of the predicted
utility function in the following sense. For every individual utility function to be fitted,
we iteratively leave two (elicited) points out from fitting the model such that they can
be used for prediction.'Y We do this for every possible combination of leaving out two
points, then we average the squared prediction error for the points left out, and obtain
a mean squared prediction error for a given individual and given penalty weight \. As
we vary A\, we obtain a mapping from penalty weights to predictive quality measured
by mean squared prediction error. For every individual, we then choose the penalty
weight that maximizes the predictive quality of the resulting utility function in this
sense. Thus, a decision error resulting in a shifted point will lead for a low A to low
predictive quality of the fitted model for the other points; as A increases, this shifted
point becomes less important, and so the predictive quality increases.

More generally, for a “noisy” respondent, whose points deviate a lot from their
own “trend,” the predictive quality of a fitted function for the points left out will be
poor for a low penalty weight. It will increase with a higher penalty weight (i.e.,

19We have chosen two points, corresponding to one-third of elicited utility points, because choice reversals
for one-third of choices are commonly assumed and observed (e.g., Abdellaoui, Bleichrodt, and Paraschiv 2007).
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FIGURE 2. PREDICTED UTILITY FUNCTIONS FOR DIFFERENT PENALTY WEIGHTS A

Notes: This figure shows elicited utility points and predicted utility functions using our method for different values of
the penalty weight A for a representative individual (with respect to their prudence intensity). In panel C, two points
that are classified as noisy by the cross-validation procedure do not inform the shape of the predicted utility curve.

higher degree of smoothness). Roughly speaking, the less coherent (the noisier) the
picture that any one of all the possible subsets of utility points delivers, the higher
the necessary smoothness. And the higher the necessary smoothness, the lower the
curvature (see Figure 2, panel B) and the higher-order derivatives, too. Since our
measures of (higher-order) risk preferences (defined below) are functions of the cur-
vature and higher-order derivatives, this rules out that we mistakenly interpret a noisy,
participant as particularly risk averse or risk seeking, (im)prudent, or (in)temperate.''

"n practice, the theoretical possibility of noise-induced downward bias in our sophisticated measures that this
feature is creating has only limited relevance, as we show in Supplemental Appendix B.2. Even when adding argu-
ably exaggerated degrees of noise to our data, correlation coefficients with the true, undistorted measures remain
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Measures of (Higher-Order) Risk Preferences and Their Derivation.—Derivatives
of the predicted utility functions can be calculated analytically with a closed form
solution following our spline-regression approach. This is a crucial advantage for
obtaining utility-based measures of risk preferences.

For individual risk attitude, we use the Arrow-Pratt measure (Pratt 1964),
r = —u"/u’, where positive (negative) values indicate risk aversion (risk seeking)
and risk neutrality corresponds to r = (. We measure an individual’s prudence level
with the measure popularized by Crainich and Eeckhoudt (2008),p = u”/u’, where
positive (negative) values indicate (im)prudence.'? Positive values also correspond
to downside risk aversion (Menezes, Geiss, and Tressler 1980). Moreover, u” /u’ is
also a measure of left-skewness aversion (Modica and Scarsini 2005). As an individ-
ual measure of temperance, we use the measure by Denuit and Eeckhoudt (2010),
t = —u™ /u', where again positive (negative) values indicate (in)temperance.
Denuit and Eeckhoudt (2010) show that 7 is also a measure of kurtosis aversion.

To obtain these measures, we first predict for each derivative separately its value
at 1,000 evenly spaced points covering the interval from x,,;, to x,,,,. Then we build
the mean of the predictions for each derivative, which yields individual measures of
w,u”,u” and u®), Finally, we compute the above measures. Note that the division
by u’is only a normalization of the utility function so as not to change the measure if
utility is multiplied by a constant; it has, however, no further meaning (Pratt 1964).
Performing this normalization only after averaging over the different wealth levels
has two advantages: First, the dependence of the measures on wealth is “averaged”
out. This is desired, as we are connecting these measures to field behavior in general
instead of at a specific wealth level. Second, we avoid adding noise to the measures
(resulting, for example, from division by values that are virtually zero).

III. Results I: Higher-Order Risk Preferences and Their Determinants

In our pre-analysis plan, we have specified directional hypotheses for the rela-
tion between risk aversion, prudence and temperance, and the influence factors age,
cognitive ability, and gender. For impatience and all other possible influence factors
investigated (see the notes to Table 1), we correct p-values for multiple hypothesis
testing (Romano and Wolf 2005a, b, 2016) as implemented by Clarke, Romano, and
Wolf (2020). For ease of exposition, all tests reported in this paper are two-sided.
Before we investigate the (higher-order) risk preferences, their determinants and
their relations, we empirically address the quality of our measures.

high (0.99 for risk aversion, 0.98 for prudence, and 0.96 for temperance), which is still the case when we vary the
simulation approach. In the absence of noise, our measures are unbiased (see Schneider, Ibanez, and Riener 2025).
Nevertheless, in the spirit of a sandwich estimator, this noise-induced downward bias (even if primarily of theoreti-
cal relevance) allows to approximate “the true” relationship with field behavior in the presence of noise from below.
Our raw measures, in turn, will yield the approximation from above, due to a theoretically possible, noise-induced
upward bias (see Supplemental Appendix B.2). As results using both sets of measures coincide, as we will see,
noise can only have a negligible impact on our measures, and no impact on our results.

12 Note that our measure is different from the well-known measure introduced by Kimball (1990) in order to be
able to compare risk-averse and risk-seeking subjects: For a prudent individual, the Kimball measure —u” /u” might
be positive or negative depending on their risk attitudes.
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TABLE 1—INFLUENCE FACTORS OF RISK AVERSION, PRUDENCE, AND TEMPERANCE

Risk aversion (r) Prudence (p) Temperance (r)

Age (inyears) —0.014 —0.007

(0.015) (0.019) (0.015)
Cognitive ability —0.132 (0.043) —0.062 (0.058) —0.118 (0.042)
Female (= 1) 0.259 (0.091) 0.205 (0.105) 0.166 (0.085)
Impatience —0.889 (0.275) —0.584 (0.234) —0.703 (0.283)
Other factors 10 10 10
R? 0.08 0.06 0.06
Observations 658 658 658

Notes: OLS regressions of utility-based measures of (higher-order) risk preferences. Positive
coefficients imply increasing risk aversion, prudence, and temperance, which are expressed
in standard deviations. Cognitive ability scores are standardized, such that above average
scores are positive. Other possible influence factors controlled for are relative math grade,
relative German grade (where positive variables imply above average performance relative to
the grade), the amount of pocket money per week, relative BMI, the number of siblings, reli-
gion, migration background, parents’ education, as well as their occupation; see Supplemental
Appendix Tables D-3, D-4, and D-5 for detailed regressions results, and Table D-6 for regres-
sion results of simple measures of risk aversion (r°F) and prudence (p“E). Robust standard
errors clustered at the session level in parentheses.

A. Identification, Validation, and Sanity Checks

Identification of (higher-order) risk preferences with our methods is evident,
as our measures are directly derived from the theoretical definitions. Since we use
two-outcome lotteries only, identification of, e.g., prudence comes with the change
of decisions as the amounts of the lotteries change; it cannot be derived from an
isolated decision in these tasks.

We nevertheless start with an empirical validation of our methods to show that the
theoretically apparent identification of (higher-order) risk preferences is unaffected
by the operationalization of our methods. We find a significantly positive relation
(p < 0.001) between the number of prudent choices in the “behavioral” classifica-
tion tasks a la Eeckhoudt and Schlesinger (2006) (see “Behavioral Prudence Task”
in Section IB) and our two utility-based intensity measures of prudence (p and p“F);
see Table D-2 in the Supplemental Appendix.'

Next, we investigate the relation between our raw and our sophisticated mea-
sures. The Pearson correlation between the nonprocessed measure £ and the risk
attitude r (that is derived from a predicted utility function according to Section II)
is large and significant, and we obtain p(r, rCE) = 0.87 (p-value < 0.001).

13 While it is probably indisputable that a relationship should exist between our (utility-based) intensity measure
and the “count measure” based on the behavioral classification tasks due to Eeckhoudt and Schlesinger (2006), it
is less clear what to expect regarding the nature of their relation and its size, for the unclear interpretation of the
latter. Moreover, Heinrich and Shachat (2020) report that for one of the three behavioral classification tasks that
they employ (and that we use as validation tasks here), behavior cannot be distinguished from random choices even
when pooling all age cohorts; for the youngest cohort, even for all three behavioral classification tasks choices are
not different from random choices in their study. Hence, complexity and resulting measurement error is an issue,
too. As a consequence, the correlation coefficients have no clear interpretation, either. These issues notwithstanding,
when looking at our oldest age cohort, we find that the median intensity measure p of those who never chose the
prudent option in the behavioral classification task is negative, where it is positive for those who chose the prudent
option three times. The overall median of this age cohort is positive and right in the middle of these figures.
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Moreover, and despite a slightly more complex operationalization compared to <,
the Pearson correlation between our raw prudence measure p“~ and the sophisticated
measure p (that is derived from a predicted utility function) is large and significant:
p(p,pCE) = 0.71 (p-value < 0.001).

B. Risk Aversion and Its Determinants

We estimate a significantly positive mean Arrow-Pratt coefficient of risk aversion,
expressed in standard deviations, of r = 0.46 (median: 0.35), with O indicating
risk neutrality (p-value < 0.001, Wilcoxon signed-rank test). For 70 percent of our
sample, we estimate a positive Arrow-Pratt coefficient, implying risk aversion (see
Figure D-1 in the Supplemental Appendix for the full distribution). A regression
including a measure for cognitive abilities and demographic background variables is
shown in column 1 of Table 1. Females are significantly more risk-averse than males
and individuals with higher cognitive abilities are significantly less risk-averse. Age
is unrelated with risk aversion, once we control for cognitive abilities (see Table D-3
in the Supplemental Appendix). Impatience is significantly related with a lower
degree of risk aversion.

Qualitatively, we obtain the same results using the simple measure of risk aver-
sion (r°F); see column 1 of Supplemental Appendix Table D-6. The mean (median)
value of the simple risk aversion measure, expressed in standard deviations, is
r“6 = 0.36 (0.27), with 0 indicating risk neutrality (p-value < 0.001, Wilcoxon
signed-rank test). For 62 percent of our sample this measure is positive, implying
risk aversion.

C. Prudence and Its Determinants

The significantly positive mean estimate (p-value < 0.001, Wilcoxon
signed-rank test) of the Crainich-Eeckhoudt measure expressed in standard devi-
ations is p = 0.59 (median: 0.22). For 67 percent of our sample, we estimate a
positive Crainich-Eeckhoudt measure, implying prudence (see Figure D-1 in
Supplemental Appendix D for the full distribution). The regression shown in col-
umn 2 of Table 1 reveals that females are more prudent than males. However, neither
cognitive abilities nor age are significantly related with prudence.

As was the case for risk aversion, qualitatively, we obtain the same results using
the simple measure of prudence (p<~), see column 2 of Supplemental Appendix
Table D-6. The mean (median) value of the simple prudence measure, expressed
in standard deviations, is p = 0.80 (0.36), with 0 indicating prudence neutrality
(p-value < 0.001, Wilcoxon signed-rank test). For 88 percent of our sample, this
measure is positive.

D. Temperance and Its Determinants

For the Denuit-Eeckhoudt measure of temperance, our mean estimate is
t = 0.30 (median: 0.02), again expressed in standard deviations (p-value < 0.001,
Wilcoxon signed-rank test). Having a positive Denuit-Eeckhoudt measure, 57 per-
cent of our sample are classified as temperate (see Supplemental Appendix
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Figure D-1 for the distribution). Column 3 of Table 1 shows that females are more
temperate than males, and students with higher cognitive abilities and larger impa-
tience are less temperate. We find no age effect.

E. Relation between Elicited Risk Preference Measures

The (sophisticated) measures of risk aversion, prudence, and temperance are
significantly correlated in our sample (p-value < 0.001 for all pairwise correla-
tions): p = 0.56 for risk aversion and prudence, p = 0.87 for risk aversion and
temperance, and p = 0.65 for prudence and temperance.'4 Similarly, for our sim-
ple, nonprocessed measures r“ and p“F we find p = 0.59 for the relation of risk
aversion and prudence (p-value < 0.001).

IV. Results II: Experimental Measures of Higher-Order Risk Preferences and Field
Behavior

Now we turn to the empirical relationship between risk preferences and field
behavior. Before discussing the results in Table 2, we note that we standardize our
measures of risk preferences for comparison reasons. Hence, coefficients report
the change in the field outcomes (in standard deviations) that is associated with a
one-standard deviation increase in these measures. Since our sophisticated measures
of (higher-order) risk preferences are estimates (generated regressors) and thus
involve some degree of error, we use bootstrapped standard errors. Yet, our results
remain almost identical if we use multiple imputation (e.g., Rubin 1996) instead.
Also recall from Section III that our measures of risk preferences are considerably
correlated. To ease interpretation of coefficients and to avoid multicollinearity, we
orthogonalize these measures.'> To this end, either the risk aversion, the prudence,
or the temperance measure remains as is, and we pick the measure that matters
according to theory for the respective index (as described in Section IC and stated
in the notes to Supplemental Appendix Tables D-9 to D-19). If the model from
which we derive a hypothesis does not suggest one measure as the most important,
we take prudence because it has the lowest correlation with the other two mea-
sures. For example, if risk aversion is the measure we expect to matter, we remove
the variation from the other measures that is already explained by risk aversion
(and additionally prudence in the case of temperance). We do so by first running
an OLS regression and then predicting prudence on the individual level, using the
risk aversion measure as an explanatory variable. Next, we subtract this prediction
from the actual measure to obtain the variation not yet explained by risk aversion,
which becomes our orthogonalized measure of prudence (i.e., the residuals from the
regression). Then, the same is done for temperance (using risk aversion and pru-
dence as explanatory variables in this example). In the regressions, we then include

“Ebert and Wiesen (2014), the only published study to date that has measured the intensity of higher-order
risk preferences, report almost the same Spearman correlations for prudence and risk aversion and prudence and
temperance as we find in our data (note that we report Pearson coefficients above).

I5Ridge regression (e.g., Hoerl and Kennard 1970) is another way of handling multicollinearity. Results are
very similar, but as Ridge regression yields biased coefficients (Gruber 2017) and for ease of interpretation of coef-
ficients, we present results from orthogonalized measures in the main text.
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TABLE 2—RELEVANCE OF RISK PREFERENCES IN PREDICTING FIELD BEHAVIOR

Simple measures (one regression each) Simple measures (joint est.)
Coefficient of risk preferences Simple Simple
(columns show estimated prudence prudence Risk
coefficients) Simple risk (counting (intensity aversion Prudence
(rE) measure) p<E) (r<E) (p<E)
) 2 3) “) )
Panel A. Health-related behavior
Unhealthy behavior —0.031 —0.085 —0.112 0.045 —0.110
(0.033) (0.033) (0.034) (0.044) (0.033)
Addictive behavior —0.036 —0.085 —0.119 0.044 —0.117
(0.035) (0.032) (0.032) (0.045) (0.032)
Smartphone addiction —0.038 —0.071 —0.132 0.051 —0.129
(0.037) (0.032) (0.030) (0.048) (0.030)
Panel B. Financial decision-making
Saving (with debt) 0.067 0.011 0.086 0.043 0.087
(0.043) (0.023) (0.036) (0.048) (0.037)
Risky investment —0.056 0.010 —0.017 —0.056 —0.019
(0.036) (0.038) (0.036) (0.044) (0.036)
Insurance demand —0.025 0.005 —0.028 —-0.014 —0.029
(0.020) (0.022) (0.025) (0.021) (0.025)
Panel C. Prevention and eco-friendly behavior
Prevention (short term) 0.020 —0.027 —0.067 0.084 —0.065
(0.040) (0.033) (0.038) (0.043) (0.038)
Prevention (long term) 0.124 —0.008 —0.020 0.197 -0.014
(0.030) (0.038) (0.034) (0.028) (0.033)
Eco-friendly behavior 0.094 —0.011 0.021 0.119 0.025
(0.038) (0.028) (0.027) (0.042) (0.028)
Panel D. Planning behavior and preference for competitive income
Cautious planning 0.062 —0.044 0.100 0.007 0.100
(0.035) (0.042) (0.031) (0.042) (0.031)
Preference for competitive income ~ —0.075 0.008 —0.001 —0.075 —0.003
(0.022) (0.021) (0.025) (0.022) (0.024)

(continued)

the untouched measure and the so-residualized ones. As a robustness check, we run
regressions on correlated measures. Note that due to multicollinearity coefficients
and standard errors may then be imprecise. However, the results (in Supplemental
Appendix Tables D-20 and D-21) are very similar to those discussed here.

We noted that, to date, the large majority of studies that relate risk measures
to field behavior do not consider prudence and temperance, but are confined to
experimental or survey measures of risk aversion. Therefore, we start our empirical
investigation of the relation between risk preferences and field behavior by only
taking into account experimentally elicited risk aversion, thus following the stan-
dard approach in the literature (e.g., Galizzi, Machado, and Miniaci 2016; Charness
et al. 2020; Samek et al. 2021).

In all regressions shown in Table 2, we control for a large series of possible
influence factors (including age, cognitive abilities, gender, impatience, parents’
education, religion, students’ grades in school, or the amount of pocket money).
In column 1 of this table, mimicking the standard approach in the literature, we
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TABLE 2—RELEVANCE OF RISK PREFERENCES IN PREDICTING FIELD BEHAVIOR (continued)

Measures from Survey
Section II (joint estimation) measure
Coefficient of risk preferences Risk Survey
(columns show estimated aversion (r, Prudence (p, Temperance (t, measure
coefficients) Arrow-Pratt) Crainich-Eeckhoudt) Denuit-Eeckhoudt) (risk tolerance)
(6) ™ 8 ©)
Panel A. Health-related behavior
Unhealthy behavior 0.024 —0.140 —0.011 0.080
(0.086) (0.025) (0.047) (0.048)
Addictive behavior 0.007 —0.146 —0.002 0.084
(0.087) (0.025) (0.047) (0.048)
Smartphone addiction —0.023 —0.160 0.017 0.080
(0.086) (0.025) (0.045) (0.052)
Panel B. Financial decision-making
Saving (with debt) 0.096 0.058 0.087 —0.057
(0.105) (0.034) (0.035) (0.040)
Risky investment —0.066 —0.045 —0.032 0.135
(0.070) (0.043) (0.016) (0.043)
Insurance demand —0.018 —0.023 —0.001 0.044
(0.044) (0.024) (0.046) (0.026)
Panel C. Prevention and eco-friendly behavior
Prevention (short term) 0.120 —0.119 0.017 0.173
(0.063) (0.033) (0.039) (0.028)
Prevention (long term) 0.167 0.010 0.078 —0.032
(0.060) (0.042) (0.034) (0.048)
Eco-friendly behavior 0.201 0.022 0.034 —0.013
(0.081) (0.027) (0.057) (0.033)
Panel D. Planning behavior and preference for competitive income
Cautious planning —0.063 0.028 0.170 —0.082
(0.050) (0.051) (0.045) (0.038)
Preference for competitive income —-0.070 0.054 0.032 0.039
(0.023) (0.024) (0.047) (0.027)

Notes: Positive coefficients imply increasing preference for the respective type of behavior. All measures in stan-
dard deviations. Column 1 shows the regression coefficients when only using the simple risk aversion measure
(r°E) as measure of risk preferences (see Section ITA). Column 2 shows coefficients when using a “counting mea-
sure” of prudent decisions in the behavioral classification tasks due to Eeckhoudt and Schlesinger (2006) instead
(see “Behavioral Prudence Task” in Section IB). Column 3 shows coefficients when replacing the counting measure
of prudence with our raw intensity measure pF (see Section ITA). Columns 4 and 5 show results of a regression
using jointly the raw intensity measures of risk aversion £ and prudence pZ (see Section IIA). Columns 6 to 8
show results of a regression using jointly the continuous utility-based intensity measures of risk aversion, prudence
and temperance as resulting from our sophisticated method (see Section II). Column 9 shows regression coeffi-
cients when risk preferences are measured with the one-item survey question on willingness to take risk in general.
In all regressions, we control for age, cognitive abilities, gender, impatience, and the influence factors listed in the
notes of Table 1, except for Saving and Risky investment, where we additionally control for measures of income
risk, as the theory that we rely on here is about precautionary saving and investment in presence of background risk
(see the considerations on the empirical strategy in Supplemental Appendix E.2 for details). Unfortunately, in the
first school, we had to work with printed questionnaires which did not include most of our health questions. For this
reason, the number of observations for which we obtained information on health-related behavior is slightly lower
(N = 561) than for Insurance demand (N = 643) and Preference for competitive income (N = 649), where
some individuals skipped the corresponding questions, and for all the other domains (N = 658). See Supplemental
Appendix Tables D-9 to D-19 for more detailed regression results and further notes. Standard errors in parentheses
result from bootstrapping (1,000 rep.), and are clustered at the session level.

present the relation of the simple risk measure (%) to the different domains of field
behavior. Overall, the coefficients of the raw risk measure (rCE) seem to suggest, at
first sight, that risk preferences are only sporadically related to the domains of field
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behavior we study. While there are some significant coefficients in panels C and D
with respect to, for example, prevention, panels A and B on health-related behavior
and financial decision-making even seem to suggest that risk preferences are not at
all related to this kind of field behavior.

Yet, the picture looks already different in column 2, where we use the simplest
counting measure of prudence building on the behavioral classification tasks by
Eeckhoudt and Schlesinger (2006) as predictor for field behavior. We see that pru-
dence is related to health-related behavior (see panel A), while for the other domains
of field behavior (in panels B to D) we see no relationship. This is just a first indi-
cation that higher-order risk preferences should be considered when linking risk
preferences to field behavior in order not to overlook important relations (like here
for health-related behavior). This first indication is corroborated by looking at col-
umn 3, where we use our raw measure of prudence (p%) as the only measure of
risk preferences. Contrary to the (discrete) measure in column 2, this continuous
measure has a clear interpretation as intensity measure of prudence (even though
it is only an approximation of the utility-based prudence measure p). We see the
first relations from the count measure in column 2 confirmed, and additionally see a
relation to saving, short-term prevention, and cautious planning.

In columns 4 and 5 of Table 2 we then present a next step to provide a more
encompassing view of the relation of risk preferences to field behavior. Here we con-
sider both the raw measure of risk aversion (%) and our raw measure of prudence
(p©F) in the same regression. For risk aversion, adding the raw measure of prudence
does not change a lot. It turns significant for short-term prevention, but loses signif-
icance for cautious planning. More importantly, we confirm in these columns that
prudence has explanatory power beyond the domain of health-related behavior also
for savings, short-term prevention, and cautious planning—independently of con-
trolling for risk aversion.

In columns 6 to 8 of Table 2 we then take the final step to show the importance
of considering higher-order risk preferences when relating risk preferences to field
behavior. In these three columns, we present the coefficients when jointly consider-
ing our sophisticated utility-based measures of risk aversion, prudence and temper-
ance. We see again a strong relation of prudence to health-related behavior, but again
no such relation for risk aversion. Regarding financial decision-making, temperance
is relevant for risky investment, as predicted, and both prudence and temperance are
related to savings. Yet again, we see no relation of financial decision-making with
risk aversion.'S For panels C and D on prevention and eco-friendly behavior, plan-
ning and a preference for competitive income, higher-order risk preferences matter,
too. We see a strong and significantly negative relationship between prudence and
short-term prevention. As was the case for panels A and B above, from using a
simple measure of risk aversion as in column 1, one would, however, have inferred
that short-term prevention is unrelated to risk preferences. For cautious planning,

16 Of course, our findings should be taken with a grain of salt as our adolescents may only have limited exposure
to and experience in certain domains of financial decision-making. In this light, it might not be surprising that, e.g.,
temperance seems to be more important for saving than prudence, although theory posits an unambiguously positive
relationship only for the latter (which we also find). Nevertheless, the fact that we find the theoretically expected
relations already among adolescents despite potential limitations suggests that higher-order risk preferences (but
not risk aversion) are robustly related to financial behavior.
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the simple risk aversion measure from column 1 was significant (10 percent level),
but the measure in column 6 is no longer significant when taking into account also
higher-order risk preferences. In this case it turns out that temperance is more rele-
vant (which also matters for long-term prevention). Lastly, regarding a preference
for a competitive income, using all utility-based measures jointly confirms the rele-
vance of risk aversion, but the additional finding of a significant effect of prudence
shows a more nuanced picture.

To summarize the main insights from columns 1 to 8 in Table 2, we note that
risk preferences matter for all domains of behavior that we study. Yet, especially for
health-related behavior and financial decision-making, it is not risk aversion that is
actually relevant, but prudence and temperance, in line with the theoretical models
mentioned in Section IC. This observation mirrors the pattern emerging from our lit-
erature review in Supplemental Appendix C, where we survey papers that relate risk
aversion to the domains of field behavior that we study in this paper: Experimental
measures of risk aversion are rarely successful in establishing a relation to field
behavior, in particular with respect to financial decision-making and addictive
behavior. Our column 1 of Table 2 replicates these results, and our sophisticated
utility-based measures of higher-order risk preferences in columns 6 to 8 offer an
explanation for this pattern: Particularly in the domains of panels A and B, the
higher-order risk preferences prudence and temperance matter, but not risk aversion.

In Supplemental Appendix B we provide a multitude of robustness checks for
our main results in Table 2. Since we have seen so far that our sophisticated method
increases predictive quality compared to the raw measures (but does not lead to
different qualitative results), we focus in these checks on the sophisticated mea-
sures. In particular, we explore whether alternative explanations could rationalize
the relationships that we find between our measures of higher-order risk preferences
and field behavior. We examine potential biases in the estimates of (higher-order)
risk preferences (with and without “noisy” data), as well as potential measurement
error in risk aversion. We also check whether simple patterns of decision-making
could have been misinterpreted as prudence or temperance. Moreover, we consider
the potential impact of deviations from expected utility, including an analysis of
the potential role of probability weighting and reference dependence. Finally, we
discuss the consistency in and the identification of the utility curvature. In all of
these considerations and robustness checks, our main results presented in this sec-
tion persist.

V. Results ITI: On Survey Measures of Risk and Field Behavior

In our literature survey in Supplemental Appendix C, we show that survey mea-
sures of risk aversion are more often related to field behavior in a significant way
than experimental measures of risk aversion are, in particular with respect to addic-
tive behavior and financial decision-making. In this final results section, we offer an
explanation for this observation. Recall from Section IB that we also elicited subjects’
responses to the standard question on the willingness to take risk in general, taken
from the German Socio-Economic Panel (SOEP). This survey measure is usually
interpreted as capturing risk tolerance, or risk aversion when reverse coded (Wagner,
Frick, and Schupp 2007; Dohmen et al. 2011; Falk et al. 2018). Our data supports
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this: Using the raw and sophisticated measures for risk aversion (r and r<F), the raw
Pearson correlation coefficient with this survey measure is —0.27 (p < 0.001) in
both cases (see Supplemental Appendix Figures D-19 and D-20). Thus, more risk
aversion in our experimental measures means less risk tolerance in the SOEP-survey
measure.

Yet, it is particularly noteworthy that also our measures of prudence and temper-
ance are significantly related to this survey measure—the raw measure of prudence
(p“E) even to the same degree (coefficient of —0.27, p < 0.001, see Supplemental
Appendix Figure D-20). For our adapted DOSPERT-survey measure (Weber, Blais,
and Betz 2002, see Section IB), we find almost exactly the same pattern. Finally, in a
regression of the SOEP-survey measure on our sophisticated utility-based measures
(in the spirit of columns 6 to 8 of Table 2), we obtain (standardized) partial correla-
tion coefficients of —0.44 for risk aversion, —0.20 for prudence (both p < 0.001),
and —0.09 for temperance (p < 0.05). So, even when controlling for the other risk
preference measures, the partial correlation coefficient of prudence is still about half
as large and the coefficient of temperance about one-quarter as large as the one for risk
aversion. This shows that general risk-taking behavior, as we understand it in everyday
language (and as used for the survey measures), might only be insufficiently captured
by risk aversion alone (as there is a contribution of the higher-order risk preferences in
explaining the survey measure even when controlling for risk aversion).

The relation to prudence and temperance (beyond what is explained by risk aver-
sion) may then be one of the reasons why survey measures of risk tolerance are
often related to field behavior, while experimental measures of risk aversion (alone)
are not. In Supplemental Appendix B.5, we illustrate formally (and confirm with
simulations) how this can be rationalized, even though the correlations between the
experimental measures (risk aversion and prudence) are larger than their correlation
with the survey measure. In short, if the share of variation in the survey measure
that cannot be explained by the experimental risk-aversion measure captures any of
the dimensions that the higher-order risk measures are capturing (which is what the
partial correlations tell us), we can expect to see the survey measure being a less pre-
cise, but more often predictive measure of risk-related field behavior compared to,
for example, an experimental risk aversion measure that is restricted to only a single
dimension of risk.

In fact, this is what we find in our sample. In our discussion of columns 1 to 8
of Table 2, we have already seen that the experimental measures of risk aversion
completely fail to relate to health-related behavior and financial decision-making.
Column 9 of Table 2 presents the relation between the SOEP-survey measure and our
various domains of field behavior. Disregarding for the moment the low precision
of some results that are significant only at the 10 percent level, the survey measure
actually is more often successful in predicting field behavior (six significant estima-
tions) than the simple measure of risk aversion (four significant relations in column 1
of Table 2). Thus, the survey measure seems to capture more dimensions of risk
preferences than the experimental risk aversion measure does. Therefore, caution is
warranted in interpreting the established relations with the survey measure.

In fact, looking at the six cases where the survey measure on risk tolerance is
significantly related to field behavior, the simple measure of risk aversion (r°F)
fails to relate to field behavior in all but one case (cautious planning). Much in
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contrast, already our simple measure of prudence (p%) successfully relates to
four of these six field behaviors (health-domain, short-term prevention, and cau-
tious planning; see columns 1, 3-5, and 9 of Table 2). Note that the survey mea-
sure assesses the willingness to tolerate risk, while the experimental measures are
measures of risk aversion, prudence, and temperance, and hence, the predictions
coincide in their direction, despite an opposite sign in Table 2. Next, we look at
our set of sophisticated measures (that also includes a measure of temperance) in
columns 6 to 8. Recall that theoretically, temperance relates to risky investment
(one of the six behaviors that the survey measure relates significantly to). All four
of the six cases where the significant relations of the simple prudence measure
(p“F) and the survey measure overlap are confirmed with the sophisticated measure
p (although for cautious planning, it is no longer prudence that matters, but temper-
ance). In addition, we see temperance (7) significantly relates to risky investment,
and hence, in five of the six cases, where the survey measure relates significantly
to field behavior, we see a sophisticated measure of one of the higher-order risk
preferences pointing in the same direction with a significant coefficient. (For
insurance demand, the sixth case where the survey measure is significantly pre-
dicting field behavior, we see a significant relation with prudence, too, but this
is not robust to our full set of controls, see Supplemental Appendix Table D-14).
With respect to risk aversion (r), in turn, once we control for higher-order risk
preferences, only for short-term prevention we find that risk aversion and the sur-
vey measure are significantly related to field behavior (as cautious planning is no
longer significantly predicted by risk aversion once we control for higher-order
risk preferences, see column 4 of Table 2). Looking at the sign, however, we see
that risk aversion is positively related to short-term planning, whereas from the
survey measure, we infer the opposite direction. The significant coefficient of the
prudence measure, however, is in line with that of the survey measure. Thus, it is
rather prudence that is being captured by the survey measure in this case. In sum,
we see strong support for survey measures capturing higher-order risk preferences
in our data (which we see confirmed with the DOSPERT-survey measure).

Lastly, controlling for higher-order risk preferences in the regression shown in col-
umn 9 further supports this interpretation (see Supplemental Appendix Table D-22):
Once we control for prudence and temperance, the survey measure is no longer
significant in predicting health-related behavior as well as insurance demand. In the
case of short-term planning, the coefficient of the survey measure decreases, with a
considerably lower t-statistic, but continues to be a significant predictor. Similarly,
for cautious planning, the coefficient of the survey measure decreases and is esti-
mated with a lower precision once we add higher-order risk preferences. Here, the
significance level changes from 5 percent to 10 percent. Lastly, also for risky invest-
ment the coefficient and 7-statistic of the survey measure change notably.

To sum up, interpreting survey measures of risk tolerance as capturing the influ-
ence of risk aversion is problematic, and can be as misleading as focusing on exper-
imental measures of risk aversion alone.

These observations provide a novel perspective on the inconsistent findings on
risk preferences and their relation to field behavior mentioned in the introduction:
While all the mentioned failures rely on experimental measures of risk aversion
and neglect higher-order risk preferences (Sutter et al. 2013; Galizzi, Machado and
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Miniaci 2016; Charness et al. 2020; Samek et al. 2021), all of the mentioned suc-
cesses (except for Anderson and Mellor 2008) use the survey measure that is obvi-
ously capable of capturing additional dimensions of risk preferences on top of risk
aversion alone. Our extensive literature review on papers relating measures of “risk
aversion” to field behavior in Supplemental Appendix C confirms this pattern at a
larger scale. The survey measure of risk tolerance is more often significantly related
to field behavior than are experimental measures of risk aversion—especially with
respect to health-related behavior and financial decision-making. We replicate this
in our data—and show that accounting for higher-order risk preferences makes the
difference.

VI. Conclusion

In this paper, we have used two novel methods to measure (higher-order) risk pref-
erences: We complement a sophisticated method with a simple approach to obtain
two sets of utility-based intensity measures of (higher-order) risk preferences. The
sophisticated method goes back to Schneider, Ibanez, and Riener (2025) and has
been extended here. Our simple approach to measuring utility-based prudence has
first been introduced in this paper. In our sample of 658 sixth- to twelfth-grade stu-
dents in German schools, we have found clear evidence for risk aversion, prudence,
and temperance in the aggregate. These findings are in line with studies on adult
populations (e.g., Deck and Schlesinger 2014; Ebert and Wiesen 2014; Noussair,
Trautmann, and van de Kuilen 2014). We have found no significant age effects for
any of our preferences. Females exhibit more risk-averse, more prudent, and more
temperate behavior. Cognitive abilities are unrelated to prudence and negatively
related to risk aversion and temperance.

The most important finding of our paper concerns the relationship of measures of
risk preferences and field behavior. Based on several theoretical models, prudence
was predicted to matter for health-related behavior, financial decision-making,
eco-friendly behavior, prevention behavior, and planning. This is what we actually
find in most cases. Temperance was expected to be related to risky investment, and
so it is. Risk aversion, however, is rarely related to these domains of field behavior.
While one could conclude from the latter finding that risk preferences do not matter
for field behavior—as is often the conclusion when experimental measures of risk
aversion are related to field behavior—such a conclusion would be misleading, as
risk comes in different forms, and prudence and temperance do clearly matter in
most domains. Neglecting higher-order risk preferences thus bears the risk of draw-
ing premature conclusions about the (seeming) irrelevance of risk preferences for
field behavior.

Arguably, the second-most important finding relates to the observation that the
widely used survey question on the willingness to take risks (Dohmen et al. 2011;
Falk et al. 2018) is often significantly related to field behavior. We observe the same
in our data and can show that this is because the survey measure is not only related to
risk aversion, but also to prudence and temperance. This suggests that risk tolerance,
as used in everyday language, is only insufficiently captured by measures of risk
aversion alone, extending related results by Jaspersen, Ragin, and Sydnor (2020)
and Chapman et al. (2021). Rather, other dimensions matter too, such as prudence



116 THE AMERICAN ECONOMIC REVIEW JANUARY 2026

and temperance. This helps understanding why survey measures are often very suc-
cessful in relating to field behavior and adds another piece of evidence that con-
sidering higher-order risk preferences is crucial for understanding the relationship
between risk preferences and field behavior.
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