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Abstract
Narrow bracketers who are myopic in specific decisions would fail to consider preexisting risks in invest-
ment and neglect hedging opportunities. Growing evidence has demonstrated the relevance of narrow
bracketing. We take a step further in empirical investigation and study individual heterogeneity in narrow
bracketing. Specifically, we use a lab experiment in investment and hedging that elicits subjects’ preferences
on rich occasions to uncover the individual degree of narrow bracketing without imposing distributional
assumptions. Combining prospect theory and narrow bracketing can explain our findings: Subjects who
invest more also insure more, and subjects insure significantly less in the loss domain than in the gain
domain. More importantly, we show that the distribution of the individual degree of narrow bracketing
is skewed at two extremes, yet with a substantial share of people in the middle who partially suffer from
narrow bracketing. Neglecting this aspect, we would overestimate the severity of narrow bracketing and
misinterpret its relation with individual characteristics.
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1. Introduction
Narrow bracketing receives growing attention in behavioral economics. It highlights the fact that
individuals tend to be myopic in specific investment decisions, consequently overlooking the com-
prehensive portfolio, which, strictly speaking, should encompass non-financial wealth such as human
capital. People affected by the tendency to narrowly bracket decisions would not be able to take
full advantage of hedging, which requires a joint evaluation of risky prospects.1 There is a diverse
and growing literature showing the importance of narrow bracketing in explaining choices under
uncertainty that are otherwise inconsistent with standard economic theories. Examples include the
equity premium puzzle (Barberis et al., 2001, Barberis & Huang, 2006, Mehra & Prescott, 1985), non
participation in stock markets (Barberis et al., 2006), and the observed underinsurance in various

1Note, however, that narrow bracketing could also have some rational basis, for instance, serving as heuristics due to
cognitive limitations or as strategies to achieve self-control. See some related discussions in Koch and Nafziger (2019).
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insurance markets (Gottlieb, 2012, Gottlieb & Smetters, 2021, Zheng, 2020).2 An important feature
of narrow bracketing that has been taken for granted in theoretical models is that individuals can be
partially narrow bracketing in the sense that their behavior lies between fully myopic and fully broad
bracketing.

So far, however, empirical research on narrow bracketing is limited to demonstrating the relevance
of narrow bracketing (Gottlieb & Mitchell, 2020, Rabin & Weizsäcker, 2009, Tversky & Kahneman,
1981), and the existence and property of partial narrow bracketing has received little attention.3 It
is critical to understand the heterogeneity in narrow bracketing among individuals as we need this
information to guide empirical studies and policies aiming to counteract narrow bracketing. On the
one hand, the extreme choices driven by unobserved heterogeneity can bias group estimates of nar-
row bracketing without bounded constraints of narrow bracketing. On the other hand, if bounded
constraints are imposed while neglecting intermediate types, we may still overestimate the degree of
narrow bracketing by attributing intermediate types to complete narrow bracketing.Thus, we investi-
gate the distribution of narrowbracketing in our sample by estimating the individual degree of narrow
bracketing. We contribute to the literature by quantitatively uncovering the heterogeneity with rich
observations per subject and a well-founded behavioral model.

Specifically, we design a lab experiment to investigate narrow bracketing in the context of invest-
ment and insurance decisions.4 To test the underlying behavioral model, we adopt three features in
the experiment. First, each subject was asked to respond to two types of experimental tasks: an invest-
ment task (task INV) and an insurance task (task INS). As illustrated in our upcoming example, task
INS serves as the experimental treatment that adds preexisting risks to the same decisions as in task
INV, turning risky lotteries into full insurance against preexisting risks for subjects without narrow
bracketing. Second, in each task, we elicit subjects’ willingness to pay (WTP) for a common set of
lotteries using lists of prices , which gives us information on subjects’ preferences in rich situations.
Third, inspired by prospect theory (Kahneman & Tversky, 1979), we introduce preexisting risks in
both gain and loss domains to have a comprehensive understanding of the impact of narrow brack-
eting on hedging. The insurance task includes two subtasks: task INS-G in the gain domain and task
INS-L in the loss domain.

Consider the following example involving a lottery that generates a payoff of € 10 with a 50%
chance. The initial endowment is € 10 for all the subjects. In task INV, subjects were asked to decide
whether to buy the lottery against a price list ranging from € 0 to € 10 with a gap of .5. In task INS-G
(or INS-L), subjects were asked to assess the lottery against the same price list given a pre existing
risk – the uncertainty of winning € 10 (or losing € 10) that is perfectly negatively correlated with the
lottery. Essentially, purchasing the lottery in the insurance tasks is equivalent to buying full insurance
against preexisting risks, that is, a sure € 10 gain in task INS-G and a sure € 0 loss in task INS-L. In
each task, subjects were asked to respond to four lotteries with different chances and price ranges; in
total, 12 lotteries. We compare individual risk-taking behaviors within and between subjects while
manipulating the risks they face ex ante.

Before proceeding to our theoretical predictions under narrow bracketing, let us start with the
theory without narrow bracketing. According to expected utility theory, more risk-averse subjects
should have a lower WTP for lotteries in task INV but a higher WTP in tasks INS-G and INS-L,

2In the insurance literature, it is also well-documented that people sometimes buy too much insurance (see, e.g., Sydnor,
2010). Chi et al. 2022 allow for an S-shaped gain-loss utility functionwithin the framework of narrow bracketing and show that
it can be reconciled with over- and under-investment in insurance, depending on the skewness of the risk under consideration.

3There are a few exceptions, such as Ellis and Freeman (forthcoming) and Guiso (2015). They do consider the presence
of partial narrow bracketing without precisely estimating the individual degree of narrow bracketing. We will discuss this in
detail at the end of this section.

4Our experimental design shares some similarities with a few recent and independent studies (Chatterjee & Mookherjee,
2018, Frederick et al., 2015, Frederick et al., 2018). We will discuss the main differences when we discuss our contribution to
the existing literature.
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generating a negative correlation between the two WTPs.5 Assuming risk aversion, we anticipate the
elicited WTP to be lower than the expected values of the lotteries in task INV and higher in tasks
INS-G and INS-L. In the case of constant relative risk aversion (CRRA) utility, theWTP in task INS-L
should be higher than in task INS-G.

Now, we delve into the predictions considering narrow bracketing. Our model combines prospect
theory (Kahneman&Tversky, 1979) and narrow bracketing (Rabin&Weizsäcker, 2009). Let us begin
by considering two extremes: completely broad bracketing and completely narrow bracketing. In the
former case, we align with the predictions of prospect theory (Kahneman & Tversky, 1979), char-
acterized by an S-shaped utility curve with a kink at the reference point, symbolizing loss aversion.
Consequently, our predictions are as follows: The WTP for lotteries in task INV should be lower than
their expected values due to the influence of loss aversion on individual risk attitudes in low-stake
decisions, inducing first-order risk aversion (Rabin, 2000).6 Under weak concavity, the WTP in task
INS-G is expected to be slightly higher than the expected values of the lotteries and slightly lower than
those in task INS-L. In the other extreme case, completely narrow bracketers would ignore preexist-
ing risks while evaluating lotteries, neglecting the opportunity of hedging. Consequently, lotteries
will have the same valuations across different tasks. For more general cases involving partial narrow
bracketing, we anticipate the following: the more risk-averse (or loss-averse) individuals behave in
the investment task, the less they are willing to pay for insurance in the insurance tasks. To be more
explicit, this positive correlation arises through a positive degree of narrow bracketing. When insur-
ance is narrowly perceived as a gamble (see, e.g.,Giesbert et al., 2011, Kahneman & Lovallo, 1993,
Kahneman, 2003), more risk-averse individuals will find it less attractive, ceteris paribus.

In line with the predictions, we find that participants who were less willing to take risks in the
investment task also spent less on insurance.We further confirm this result by employing a qualitative,
validated, survey-based measure of individual willingness to take risks “in general,” which has been
shown to yield accurate predictions for various real-life risky situations (Dohmen et al., 2011). These
results are consistent with the findings of several recent studies that specifically investigate the impact
of loss aversion on insurance behaviors using US data (Hwang, 2021, Gottlieb & Mitchell, 2020) and
European data (Eling et al., 2021). Our experimental tasks in the gain domain also replicate the main
results of Frederick et al. 2015, and Frederick et al. (2018), which used 50-50 lotteries paying out $10,
showing that subjects do not sufficiently value hedges and that there is a positive correlation between
valuations of hedges and bets. In addition, we find that participants in the insurance task hedged
significantly more in the gain domain than in the loss domain. Taken together, our experimental
results can be explained by combining prospect theory and a positive degree of narrow bracketing.

Correspondingly, we estimate a structural model embedding three features: prospect theory,
domain-specific hedging behavior, and an individual-specific degree of narrow bracketing. We avoid
restricting any correlation between individual narrow bracketing and individual characteristics. It
turns out that extreme and intermediate types constitute a substantial share of subjects. Thus, the
extreme-type assumption in Rabin (2000) and the assumption of partial narrow bracketing in the-
oretical works fit part of the reality. We further demonstrate the potential issue of overestimating
the degree of narrow bracketing, which may happen if we neglect the existence of partial narrow

5In most theoretical frameworks such as expected utility theory, rank-dependent expected utility (Quiggin, 1982), regret
(e.g., Loomes & Sugden, 1982) and disappointment theory (e.g., Gul, 1991), investment (risk-taking) and insurance (hedging)
behaviors are just two sides of the same coin. We provide the theoretical predictions for our experiment under these theories
in the online appendix.

6Building on this concept, Fehr and Goette (2007) designed a simple experimental task to measure loss aversion using
small-stake lotteries. Like our investment task, subjects in their task encountered a series of binary lotteries yielding positive
and negative outcomes with equal chances. They decided whether to participate in the lottery. Initially, the positive outcomes
far outweighed the negative ones. However, as the negative outcomes decreased incrementally, subjects switched from entering
the lottery to not entering. The switching point serves as a direct measure of loss aversion.
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bracketing or the bounded nature of narrow bracketing. As a result, researchers may also misin-
terpret the relationship between narrow bracketing and individual characteristics. We find that the
relation between gender/numeracy ability (Skagerlund et al., 2018) and narrow bracketing is smaller
than that derived from group estimates. In addition, the estimated relation with cognitive ability
goes in opposite directions between our model and that directly estimating group-average degree of
narrow bracketing. Recent work by Koch and Nafziger (2019) examined the mechanism driving nar-
row bracketing – whether it stems from choice errors due to cognitive limitations or strategic efforts
for self-control. The study revealed more consistent evidence supporting the self-control mecha-
nism, with less consistent findings for cognitive limitations. In this important debate, the direction
of estimated relations is crucial.

This paper contributes to four branches of the literature. First, it adds to the extensive literature
on narrow bracketing in two main aspects.7 Dating back to Tversky and Kahneman 1981 and more
recently, Rabin and Weizsäcker (2009), researchers conducted lab experiments and demonstrated
the existence of narrow bracketing using dominated choices.8 With cleverly designed tasks, a sub-
ject who succumbs to narrow bracketing and makes each decision in isolation from the rest can
violate stochastic dominance and lose a certain amount of money. Our contribution lies in empir-
ically demonstrating the relevance of partial narrow bracketing in decision-making. Additionally,
we explore individual heterogeneity in narrow bracketing, which can have important implications
for policies, like the obstacles of screening different types of individuals and correcting the effect of
narrow bracketing. While several attempts in the literature have addressed this aspect, they face chal-
lenges in estimating the individual degree of partial narrow bracketing due to constraints in their
experimental settings. For instance, Guiso (2015) considered partial narrow bracketing and exam-
ined respondents’ decisions in entering a small and hypothetical lottery of winning € 180 with the
probability of 1/2 or losing € 100 with the same probability while manipulating their accessibility to
their labor income risks. However, due to a lack of observations at the individual level, he provided a
range for individual degrees of narrow bracketing by making certain assumptions about utility func-
tions. In a recent study, Ellis and Freeman (forthcoming) adopted a revealed preferences approach
to study narrow bracketing. They could test for broad or narrow bracketing by checking the ratio-
nalization of their data, but the study remained silent about the precise degree of narrow bracketing.
We further discuss the resulting estimation bias, which is relevant to all empirical studies of narrow
bracketing that are interested in quantifying the effect of narrow bracketing.

This paper also contributes to the literature on risk-taking and narrow bracketing by estimating
the individual-level effect of narrow bracketing on hedging. A growing literature looks at how various
types of behavioral bias affect hedging decisions (Pitthan & De Witte, 2021). Most of these studies
have taken the form of surveys. For instance, Brown et al. (2008) found that an annuity was much
more likely to be chosen by their respondents when the annuity payment and the other income were
aggregated in terms of consumption than when described in terms of annuity payments in isolation.9
As previously mentioned, Guiso (2015) tested narrow bracketing by manipulating how cognitively
accessible their labor income risks were and found that individuals who were induced to bring their
earnings risk to mind were significantly less likely to turn down the lottery. Gottlieb and Mitchell

7This literature is still growing and has recently been expanded from intra-personal settings to social ones (e.g., Exley &
Kessler, 2018).

8It is worth noting that Rabin and Weizsäcker (2009) incorporated the possibility of partial narrow bracketing in their
theory but did not account for it in their estimation.

9There is a literature studying howmanipulating decision framing impacts risk-taking, which is distinct from narrow brack-
eting. For instance, Redelmeier and Tversky (1992) and Langer and Weber (2001) found that people are more likely to invest
when returns are aggregated in terms of a portfolio than when they are shown individual asset returns separately. Likewise,
Gneezy and Potters (1997) and Benartzi and Thaler (1999) found that people often take more risk when returns are evaluated
less versus more. However, it is worth mentioning that recent work by Beshears et al. (2017) has provided a more nuanced
view of these previous findings.
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(2020) found that respondents subject to narrow bracketing were less likely to purchase long-term
care insurance. Respondents were asked two hypothetical questions in a public policy context, based
on the classic experiments from Tversky and Kahneman 1981. The questions were qualitatively the
same but presented in either a gain or loss framing. If respondents’ answers differed between these two
questions, they were classified as narrow bracketers. While showing that narrow bracketing makes
insurance unattractive, they are all silent on precise preferences and themagnitude of individual-level
effects, partly due to the lack of observations per respondent.

Thirdly, this paper contributes to the recent literature examining the relationship between betting
and hedging behaviors. In a similar setting as in our investment task and insurance task in the gain
domain, recent studies by Frederick et al. 2015, Frederick et al. (2018), andChatterjee andMookherjee
(2018) also find a positive correlation between valuations of a bet and its perfect hedge, and the
undervaluation of hedges. As Frederick et al. (2018) wrote, “Respondents clearly fail to appreciate
the covariance between bets and hedges fully; the pattern remains distinct from complete covari-
ance neglect, in which hedges and bets are treated as independent.” This is reminiscent of partial
narrow bracketing as posed in our study. It is, however, worth stressing that our experimental design
was mainly theory-driven, especially based on the theory of narrow bracketing as initially proposed
by Rabin and Weizsäcker (2009), and introduced varying preexisting risks as experimental treat-
ments. We have also provided sound theoretical predictions, which are directly testable. Moreover,
we included insurance tasks in the loss domain, allowing us to have a complete picture of decision-
making and to estimate preferences of a prospect-theory type. Our structural estimation pinpoints
the relevance of narrow bracketing in hedging decisions at the individual level. Furthermore, these
studies have shown thatmany popular decision theories under risk fail to explain their results, partic-
ularly the positive correlation between bets and hedges, which they described as “difficult to expunge,”
as noted in the abstract of Frederick et al. 2015.10 We show that the seemingly puzzling results could
be reconciled with the theory of narrow bracketing. Interestingly, Newall and Cortis (2019) find that
the same phenomena observed in previous lab experiments were also evident for high-stakes hedges
in the field using the 2015/16 English Premier League. The robust and consistent findings in the
literature further underscore the significance of narrow bracketing in decision-making.

Lastly, our paper contributes to a broad literature on how people manage, hedge, and mitigate the
risks they face. In particular, behavioral biases often hinder efficient risk management. For example,
Markle and Rottenstreich (2018) find that an unresolved “background” position, to which people
are already exposed, can influence their risk attitudes toward new “focal” prospects due to their
preferences for consistency. Lewis and Simmons (2020) document that people tend to incur high
costs to improve the likelihood of favorable outcomes, even when those outcomes are already quite
likely. Similarly, Ryan et al. (2024) find that individuals assess the relative reduction in negative out-
comes differently depending on their initial chances of success. Lewis et al. (2023) demonstrate that
when managing multiple risks simultaneously – where one risk is less likely than the other but both
are necessary for overall success – people often employ the worst-first heuristic and invest more to
improve the chances of less likely requirements rather than more likely ones, even when the latter
improvements would have an equally significant impact on overall success. Our paper complements
this literature by highlighting that narrow bracketing could present another significant “obstacle” to
achieving efficient risk management.

The remainder of this paper is organized as follows. Section 2 describes the theory of narrowbrack-
eting and its predictions in an experiment tailored for testing it. Section 3.1 explains the experimental
design and procedures. Section 4 presents our results on theory testing, and Section 5 structurally
estimates individual preferences and the degree of narrow bracketing. Section 6 concludes.

10For instance, Frederick et al. (2018) discussed narrow framing, as suggested byTversky andKahneman 1986, in the context
of a reference-dependent model á la Koszegi and Rabin (2006) with “multiple reference points” and demonstrated that this
model could not explain their findings.
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2. Theory of narrow bracketing and its predictions
In this section, we derive theoretical predictions of narrow bracketing in hedging decisions. Section
2.1 presents the theory of narrow bracketing first introduced by Rabin and Weizsäcker (2009). In the
model, the decision maker’s preference is described jointly by prospect theory and a positive degree
of narrow bracketing. Section 2.2 derives the prediction of narrow bracketing in two types of tasks:
an investment task and insurance tasks in the gain domain and the loss domain.

2.1. Setup
Utility preferences Following Rabin and Weizsäcker (2009), we assume that the objective function
of a decision maker (she) is given by11

max
̃x∈𝒳

EV( ̃x + ̃y, ̃x) = (1 − k)Eu( ̃x + ̃y) + kEg( ̃x), (2.1)

where ̃x represents the acquired risk from a choice set 𝒳 and ̃y represents the preexisting risk.
k ∈ [0, 1] is the degree of narrow bracketing: when k= 1, the decision maker is a fully narrow brack-
eter who evaluates the newly acquired risk ̃x in isolation; when k= 0, she is a fully broad bracketer
who evaluates the new risk together with the preexisting risk ̃y; otherwise, she is a partially narrow
bracketer who does both. That is to say, the prediction of a model without narrow bracketing is the
same as having k= 0. Following Kahneman and Tversky (1979), we assume that the utility functions
u(⋅) and g(⋅) take the following form:

u(x) = g(x) =
⎧{
⎨{⎩

v(x), if x ≥ 0;
−𝜆v(−x), otherwise.

(2.2)

𝜆> 1 measures the degree of loss aversion. The value function v(⋅), which applies to changes in
wealth relative to the reference point (normalized to zero), is assumed to be increasing and con-
cave. Assuming the same functional form for u(x) and g(x) directly implies that if there is no risk
ex-ante (that is, ̃y = 0), narrow bracketing will not affect risk-taking at all (see Equation (2.1)). The
S-shaped utility function captures the reflection effect observed in many lab experiments; namely,
the decision-maker is risk-averse in the gain domain and risk-seeking in the loss domain. The strong
domain-specific risk behavior in the data further supports the assumption made here. For ease
of presentation, we abstract from probability weighting in prospect theory and derive theoretical
predictionswithout it.This simplification does not impact the hypothesis testing narrowbracketing.12

Risk We use two-outcome lotteries, that is, win x when event E with known probability p is realized
and x ≤ x otherwise. The notation xEx is hereafter a shorthand for (E : x; Ec : x). Let 𝜇 denote the
mean of the lottery, that is, 𝜇 = px+(1−p)x. We also assume that subjects who broadly bracket take
the initial endowment as their reference point, and those who narrowly bracket consider the initial
endowment plus the preexisting risk as their reference point. Note that this is a common assumption
in the literature. Existing experimental studies also provided empirical support. For instance, Baillon
et al. (2020) found evidence for subjects taking the status quo as their reference point. Etchart-Vincent

11The decision maker can also be thought of as a team of two selves: one cares about the utility from aggregate outcomes,
and the other cares about the gain-loss utility from acquiring a new risk. Narrow bracketers face the difficulty of coordinating
their decisions. See a similar interpretation in Lian (2021).

12As discussed later, Hypothesis 1 is based on S-shaped utility, indicating risk-seeking behavior in the loss domain and risk
aversion in the gain domain. Hypothesis 2 is rooted in narrow bracketing and loss aversion. Therefore, neither is influenced by
probability weighting. Also, note that, as demonstrated with rank-dependent expected utility in the online appendix, proba-
bility weighting does not produce a positive correlation between valuations of lotteries when they are considered investments
and when they are considered full insurance.
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and L’Haridon (2011) found that subjects’ behaviors were similar in the face of losses from an initial
endowment and those coming out of their own pockets.

Tasks As narrow bracketing affects decision-making only when there is a preexisting risk, we derive
behavioral predictions of narrow bracketing in two types of tasks: investment task (task INV, without
preexisting risk) and insurance task (task INS, full insurance against preexisting risk). The insurance
task includes two scenarios, as individuals are expected to behave differently depending on whether
preexisting risks happen in the gain or loss domain. The task in the gain domain (i.e., INS-G) has
all outcomes of preexisting risks non-negative, while the task in the loss domain (i.e., INS-L) has all
the outcomes of preexisting risks non-positive. Specifically, for a broad bracketer, acquiring a lottery
means a (x + x) gain regardless of lottery realization in task INS-G and zero loss in task INS-L, no
matter of event E or Ec. For a complete narrow bracketer, acquiring a lottery in the task INS-G and
INS-L is the same as that in the task INV.

Comparing individual insurance behaviors in tasks INS-G and INS-L can let us test the S-shaped
utility functions advocated in prospect theory.This can further help rule out other alternative decision
theories as possible explanations for our data.

2.2. Prediction of narrow bracketing
Our theoretical predictions center on the interplay between willingness to pay for the same lottery
across different experimental tasks. Under many decision theories such as expected utility, rank-
dependent expected utility (Quiggin, 1982), regret (e.g., Loomes & Sugden, 1982, Bell, 1982) and
disappointment theory (e.g., Gul, 1991), investment and insurance behaviors are just two sides of the
same coin in these decisionmodels.We provide an in-depth analysis of willingness to pay under these
theories in the online appendix. Notably, all these theories predict a negative correlation between
the valuations of lotteries when they are considered investments and when they are considered full
insurance. However, recent experimental and field studies (e.g., Eling et al., 2021, Frederick et al.,
2015, Frederick et al., 2018) point to the opposite direction, though they do not connect their find-
ings to narrow bracketing. As we will elucidate further, the combined theory of narrow bracketing
and prospect theory produces predictions in line with positive correlations. These unique forecasts
enable us to differentiate narrow bracketing from alternative explanations.

2.2.1. Investment task – INV
In task INV, buying a lottery xEx with 0 ≤ x ≤ x at a price between x and x realizes a gain when the
high outcome occurs but a loss when the low outcome occurs. The agent’s willingness to pay for such
a lottery, denoted as WTPV, is the value such that

pv(x − WTPV) − 𝜆(1 − p)v(WTPV − x) = 0. (2.3)

By fully differentiating Equation (2.3) with respect to 𝜆, we obtain

𝜕WTPV
𝜕𝜆 = −

(1 − p)v(WTPV − x)
pv′(x − WTPV) + 𝜆(1 − p)v′(WTPV − x)

< 0.

Intuitively, loss aversion implies a first-order risk aversion at the status quo. The more loss-averse
the agent is, the less she is willing to take risks, hence the smaller WTPV. To characterize the size of
WTPV, we can rewrite Equation (2.3) in the following way:

𝜆
1 − p
p =

v(x − WTPV)
v(WTPV − x)>

v(x − 𝜇)
v(𝜇 − x) =

v((1 − p)(x − x))
v(p(x − x))

, (2.4)

where 𝜇 = px+(1−p)x. Whether the above inequality holds depends on the difference between the
terms on the far left and far right sides. Clearly, for p= .5, the inequality is true due to loss aversion,
and this further implies that WTPV < 𝜇. The inequality becomes even looser for any p< .5 because
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of the concavity of v(⋅). So WTPV < 𝜇 for any p ≤ .5. However, for p> .5, WTPV is smaller than 𝜇
only if v(⋅) is weakly concave or 𝜆 is large enough. Let us consider the following numerical example:
𝜆 = 2.25 and v(x) = x1−𝛼 with 𝛼 = .12. These parameter values are estimates from Tversky and
Kahneman (1992). We can show that the inequality (2.4) holds for

p < p = 𝜆
1

𝛼

1 + 𝜆
1

𝛼

= 0.999. (2.5)

Replacing 𝛼, a constant relative risk aversion coefficient, by .9 (indicating extreme risk aversion in the
gain domain), the threshold p is only reduced to .71. An important message from carrying out this
exercise is that the diminishing sensitivity of the value function plays a minor role in valuing lotteries
in task INV. Especially for probabilities of .3, .5, or .7 that we chose in our experiment, the inequality
condition is always satisfied. We summarize these results in the following proposition.

Proposition 1. The willingness to pay for a lottery in task INV (i.e., WTPV) decreases with the degree
of loss aversion 𝜆. Furthermore, under loss aversion and weak concavity of v(⋅), WTPV is smaller than
the expected value of the lottery.

2.2.2. Treatment I: Insurance task in the gain domain – INS-G
In task INS-G, the agent faces a preexisting risk in the gain domain and has the possibility of fully
insuring himself. More explicitly, the agent can buy a lottery xEx with 0 ≤ x ≤ x to fully hedge
against the preexisting risk x

E
x. With probability p, the preexisting risk produces x, and the lottery

draw is x; with probability 1−p, the preexisting risk produces x, and the lottery draw is x. The agent’s
willingness to pay for the lottery, denoted as WTPk

G where the superscript k indicates the degree of
narrow bracketing, is the value such that

(1 − k)v(x + x − WTPk
G) + k[pv(x − WTPk

G) − 𝜆(1 − p)v(WTPk
G − x)]

= (1 − k)[pv(x) + (1 − p)v(x)]. (2.6)

By fully differentiating Equation (2.6) with respect to 𝜆, we obtain

𝜕WTPk
G

𝜕𝜆 = −
k(1 − p)v(WTPk

G − x)
(1 − k)v′(c − WTPk

G) + k[pv′(x − WTPk
G) + 𝜆(1 − p)v′(WTPk

G − x)]
≤ 0.

Note that the above inequality is strict only for k> 0; otherwise, it is binding. Therefore, with narrow
bracketing (i.e., k> 0), higher loss aversion implies lower valuations for lotteries in task INS-G when
the agent has a positive degree of narrow bracketing. To characterize the size ofWTPk

G, let us consider
two extreme situations:WTP0

G andWTP1
G. At k= 0, the agent is a fully broad bracketer, and Equation

(2.6) can be rewritten as follows:

v(c − WTP0
G) = pv(x) + (1 − p)v(x) < v(c − 𝜇).

The last inequality is due to risk aversion in the gain domain (i.e., v″(⋅) < 0). It implies thatWTP0
G >

𝜇. At k= 1, the agent fully ignores the insurance value of the lottery and views it as an independent
gamble. Obviously, WTP1

G should be equal to WTPV. By Proposition 1, we know that 𝜇 > WTP1
G

under weak concavity of v(⋅). Observing that the terms on the left-hand side of Equation (2.6) are
decreasing in WTPk

G and forming a linear combination of the two extreme cases, we have

WTP0
G ≥ WTPk

G ≥ WTP1
G = WTPV , ∀k ∈ [0, 1]. (2.7)

It can be easily shown thatWTPk
G is decreasing in the degree of narrow bracketing k. Namely, subjects

with a higher degree of narrow bracketing will value insurance less in the gain domain. The above
results are summarized in the following proposition.
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Proposition 2. The willingness to pay for a lottery in task INS-G (i.e., WTPk
G) is decreasing in the

degree of loss aversion as the agent has a positive degree of narrow bracketing. Furthermore, under loss
aversion and weak concavity of v(⋅), WTPk

G is decreasing in the degree of narrow bracketing k.

2.2.3. Treatment II: Insurance task in the loss domain – INS-L
In task INS-L, the agent faces a preexisting risk with non-positive outcomes and has the possibility
of buying insurance to eliminate the risk. More formally, the agent can purchase a lottery xEx with
0 ≤ x ≤ x to fully hedge against the existing risk (−x)E(−x). With probability p, the preexisting risk
produces −x, and the lottery draw produces x; with probability 1 − p, the preexisting risk produces
−x, and the lottery draw produces x. The agent’s willingness to pay, denoted as WTPk

L where the
superscript k indicates the degree of narrow bracketing, is the value such that

− (1 − k)𝜆v(WTPk
L) + k[pv(x − WTPk

L) − 𝜆(1 − p)v(WTPk
L − x)]

= −(1 − k)𝜆[pv(x) + (1 − p)v(x)]. (2.8)

By fully differentiating Equation (2.8) with respect to 𝜆 and performing some rearrangements, we
obtain

𝜕WTPk
L

𝜕𝜆 = −
kpv(x − WTPk)

(1 − k)𝜆2v′(WTPk
L) + k𝜆[pv′(x − WTPk

L) + 𝜆(1 − p)v′(WTPk
L − x)]

< 0.

We reach the same conclusion as in task INS-G that higher loss aversion implies lower valuations
for the lotteries in task INS-L when the agent has a positive degree of narrow bracketing (i.e., k> 0).
When the agent is a fully broad bracketer (i.e., k= 0), loss aversion does not affect the valuation of a
hedge in the loss domain. To examine the size ofWTPk

L, we can follow the same procedures provided
in Section 2.2.2 and obtain

𝜇 > WTP0
L ≥ WTPk

L ≥ WTP1
L = WTPV , ∀k ∈ [0, 1]. (2.9)

It can be shown thatWTPk
L is strictly decreasing in the degree of narrow bracketing k – subjects with

a higher degree of narrow bracketing have a lower valuation for insurances in the loss domain. The
following proposition summarizes these results.

Proposition 3. The willingness to pay for a lottery in task INS− L (i.e., WTPk
L) is decreasing in the

degree of loss aversion as the agent has a positive degree of narrow bracketing. Furthermore, under loss
aversion and the weak concavity of v(⋅), WTPk

L is decreasing in the degree of narrow bracketing k and
smaller than the expected value of the lottery.

2.2.4. Testable predictions
Before introducing the testable hypotheses, we summarize the differences in theoretical predictions
between the expected utility theory, prospect theory, and our framework – a combination of prospect
theory and narrow bracketing in Table 1. The first difference lies in the relative size between WTP
for a lottery in the three tasks and its expected value. The second difference lies in the impact of loss
aversion on WTP for a lottery. Based on these differences, we introduce the two hypotheses below.

Hypothesis 1 is a direct implication of Equations (2.7) and (2.9) and specifies the domain-specific
hedging behavior that we expect to observe in the insurance tasks. By testing it, we verify if individuals
use an S-shaped utility function to evaluate earnings, as prospect theory advocates.

Hypothesis 1. Because of risk-seeking in the loss domain and risk aversion in the gain domain,
individuals are more willing to insure in task INS-G than in task INS-L.
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Table 1 Comparison of predictions between theories

Expected utility theory Prospect theory (PT)
PT plus narrow bracketing
(0 < k < 1)

Relationship between WTP and expected value (EV)
WTPL > WTPG > EV > WTPV WTPG > EV > WTPL > WTPV EV > WTPG > WTPL > WTPV

Impact of risk aversion (𝛾) under EUa or loss aversion 𝜆 under PT with or without narrow bracketing on WTP
𝜕WTPV

𝜕𝛾
< 0 𝜕WTPV

𝜕𝜆
< 0 𝜕WTPV

𝜕𝜆
< 0

𝜕WTPG

𝜕𝛾
> 0 𝜕WTPG

𝜕𝜆
= 0 𝜕WTPG

𝜕𝜆
< 0

𝜕WTPL

𝜕𝛾
> 0 𝜕WTPL

𝜕𝜆
= 0 𝜕WTPL

𝜕𝜆
< 0

Notes: This table summarizes the differences in theoretical predictions between expected utility theory, prospect theory, and the combination
of prospect theory and narrow bracketing.
aWe assume u(x) = x1−𝛾/1 − 𝛾 for 𝛾 ≠ 1 and u(x) = ln(x), for 𝛾 = 1.

Propositions 1, 2, and 3 jointly imply that under narrow bracketing, willingness to pay for lotteries
in all the experimental tasks should be positively correlated through loss aversion. This gives us the
following testing hypothesis.

Hypothesis 2. Under narrow bracketing (i.e., k> 0), individuals who take lower risks in the
investment task (i.e., task INV) also spend less on insurance in the insurance tasks (i.e., task INS-G
and INS-L).

Note that when there is no narrow bracketing, a negative correlation should be expected between
WTP in the investment task and that in task INS-G, and between WTP in task INS-G and that in
task INS-L, resulting from the reflection effect (Kahneman & Tversky, 1979). Consider the example
with v(x) = x1−𝛼 with 𝛼 ∈ [0, 1) and a lottery (0, .5; 10, .5).13 If utility curvature 𝛼 and loss aversion
𝜆 are independently distributed, a higher 𝛼 will imply a higher WTPG (i.e., 10(1 − .51/(1−𝛼))) but a
lower WTPV (i.e., 10(1 + 𝜆1/(1−𝛼))−1).

3. Experimental design and implementation
3.1. Experimental design
The design of the experiment is illustrated in Figure 1. Our experiment consists of three tasks: an
investment task (task INV) and two insurance tasks (task INS-G and task INS-L). Each subject was
presented with the same set of four lotteries in each task. For each lottery, subjects were presented
with a multiple-price list, including a series of binary choices associated with different prices. For
each binary choice, subjects decided whether to buy the lottery or keep the € 10 participation fee. In
task INV, there is no preexisting risk. Putting the price aside, in task INS-G, the lottery provides full
insurance against an uncertainty of gains and generates a sure gain; in task INS-L, the lottery provides
full insurance against an uncertainty of losses and guarantees zero loss. These risks are exogenous.
One binary choice was randomly selected for the final payment. The main treatments of the experi-
ment are different preexisting risks that subjects faced. Note that our experimental design follows our
theoretical derivations in Section 2.

We adopted a within-subject design in which every subject performed all three tasks, that is, task
INV, INS-G, and INS-L. This design allowed us to control unobserved individual heterogeneity and
isolate the effect of preexisting risk for each subject. To control for possible ordering effects, we ran-
domized both the order of the investment and insurance tasks and the order of tasks INS-G and

13Assuming a power utility function for gains and losses, Abdellaoui et al. (2007) rejects the null hypothesis that the power
coefficients are independent.

https://doi.org/10.1017/eec.2025.1 Published online by Cambridge University Press

https://doi.org/10.1017/eec.2025.1


Experimental Economics 11

Fig. 1 The experimental paradigm

INS-L within the insurance tasks. To reduce subjects’ cognitive load and subsequent noisy responses,
we excluded task orders such as (INS-G, INV, INS-L) and (INS-L, INV, INS-G) to maintain task
consistency. This gave us four subgroups. Subjects were randomly assigned to these subgroups.

We used the same set of four lotteries for all treatments, that is, R1, R2, R3, and R4 in Table 2.14 We
deliberately chose modest probabilities (i.e., 30%, 50%, and 70%) to limit potential risk seeking for
low-likelihood gain events, and the opposite pattern for losses (e.g.,Viscusi & Chesson, 1999). Note
that these lotteries were pure gambles in the investment tasks but full hedges in the insurance tasks.
Specifically, the outcomes of a lottery in task INS-G and its corresponding preexisting riskwere always
summed to 10. In contrast, the outcomes of a lottery in task INS-L and its corresponding preexisting
risk were always summed to 0 (see Table 2). For instance, lottery R1 (i.e., 10E0 with the probability
of event E being .3) was a full hedge against a preexisting risk 0E10 in task INS-G and a full hedge
against a preexisting risk −10E0 in task INS-L. Suppose that a subject purchased lottery R1 at a price
c, then her total payoff, including the initial endowment, in tasks INV, INS-G, and INS-L would be
10 − c plus the realized outcome of lottery R1, 20 − c, and 10 − c, respectively.

To elicit WTP for lotteries, we adopted the Becker-DeGroot-Marschak (BDM) method (Becker
et al., 1964). Each elicitation was performed using a multiple-price list (MPL; Holt & Laury, 2002).
An MPL consisted of a table with two columns referred to as option A and option B (see the instruc-
tions in Appendix A). In each row, subjects were asked to choose between the two options. Option
B remained the same in all rows, and by choosing it, subjects decided not to buy the lottery. Option
A was about buying the lottery at a given price, which became less attractive as one moved down
the table. To increase subjects’ understanding, the last row of the MPL always involved an option
dominated by others, for example, € 10 in option A for a lottery that pays € 2 or € 8 with equal
probability.

We employed a distinctive switching-point elicitation method across all price lists (Andersen et
al., 2006, Tanaka et al., 2010), diverging from the conventional binary comparisons for each choice.
Participants were not required to click on all binary choices within each price list. Instead, once the
subjects switched from buying to not buying, even by just identifying the point they intended to
switch (i.e., themaximumacceptable price for purchasing the lottery), the software then automatically
filled in choices based on the switching points. To make sure subjects understood this method, we
provided detailed instructions (see Appendix A), and participants were asked to respond to a related

14We also included two ambiguous lotteries in our experiment. We find a significantly positive correlation between WTP
in different tasks in the domain of ambiguity, suggesting the existence of narrow bracketing. More details can be found in the
online appendix.

https://doi.org/10.1017/eec.2025.1 Published online by Cambridge University Press

https://doi.org/10.1017/eec.2025.1


12 Jiakun Zheng and Ling Zhou

Ta
bl
e
2

Pa
ra
m
et
er
su

se
d
in

th
e
ex
pe

rim
en

t

Lo
tt
er
ie
s

p(
E)

Pr
ee
xi
st
in
g
ris

k
ỹ
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comprehension question before proceeding to the actual tasks. Thus, subjects at most switched once
by construction. In practice, participants did sometimes switch back in previous studies (Dave et al.,
2010, Holt & Laury, 2002), but this operational trick should nudge subjects to solve confusion and
have a limited impact on the actual choices in our experiment. Switching multiple times is usually
viewed as an indicator of confusion and is more common in less developed places (Charness et al.,
2013). Based on information from Holt and Laury (2002), the average rate of ever switching back for
a price list should be very low for our subjects.15

In the main experiment, we used three ways to ensure subjects understood that the lotteries in
the insurance tasks are perfect hedges of the respective preexisting risks. First, in a comprehension
question, subjects were asked about their final earnings if they bought a lottery in the insurance task
at a certain price and had to answer correctly to proceed. Second, we mentioned explicitly in the
instructions that buying a lottery implied a sure gain in task INS-G and a sure loss in task INS-
L. Finally, a lottery and the respective preexisting risks were presented in a state-contingent way.
Specifically, uncertainties were resolved jointly by a random draw from numbers between 1 and 100.
To make the state-contingency even more salient, outcomes occurring in the same state of nature
were displayed with the same color in the illustrative figures of the instructions (see the instructions
in Appendix A).

3.2. Research site and experimental procedure
The experiment was performed in the lab of the Toulouse School of Economics in March 2019
and conducted with oTree (Chen et al., 2016). During the recruitment process, we announced the
upcoming experiment and encouraged students to participate. Those who agreed to participate were
randomly assigned to an experimental session. We held 20 sessions of sizes ranging between 4 and
12 participants. In total, 176 subjects participated in all three tasks in the experiment. Recall that
task INS-G and task INS-L are two experimental treatments (task INV as the control), and each task
involves four lotteries; it is equivalent to having 176 paired treated vs. control for each lottery of each
treatment. This sample size allows us to detect a lottery-specific treatment effect greater than .2 stan-
dard deviations (SD) for a two-sided test at a 5% significance level with 80% power, based on power
calculation along the lines of Cohen (1988). The minimum detectable effect would drop to .1 SD if
we pool the four lotteries. Thus, we can detect a very small change in WTP due to preexisting risks.
The discussion of model identification is in Subsection 5.1.

We randomized the order of tasks to deal with potential order effects in a with-subject design. The
sizes of the subgroups were 42, 48, 42, and 44, respectively, and hence were well-balanced (see Table
B.1). In our experiment, subjects either began with the insurance tasks or the investment task. This
setup differs from the existing studies that share similarities in experimental designs with us, such as
Frederick et al. (2018), where subjects first valued bets and then hedged in the gain domainwith 50-50
lotteries. One potential explanation for the low valuations of hedges observed in their results is that
decision-makers, if not fully focused on the task’s purpose, might perceive the two tasks as identical
and aim for consistency. However, based on this consistency argument, we would not expect low
valuations for lotteries assessed during the insurance tasks when encountered first. On the contrary,
subjects might even assign higher valuations to lotteries in the investment tasks, as these appeared
later. As we shall see, this prediction contradicts our findings.16 Subjects received a flat fee of € 10 for
their participation. Before real sessions, one pilot session was conducted. However, the data collected
in the pilot session is not included in our data analysis in this paper.

15Holt and Laury (2002) mentioned that they hired undergraduates, MBA students, and school faculty, and 13% of them
ever switched back in the face of the first low-payoff MPL. The ratio dropped to less than 7% in the fourth low-payoff MPL
after two high-payoff MPLs in the middle.

16Furthermore, this consistency bias cannot explain why lotteries in the insurance tasks were still valued more than those
in the investment tasks, nor why insurance lotteries were valued higher in the gain domain than in the loss domain.
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Upon entering the lab, the subjects were informed that they earned € 10 for showing up to the
experiment and were randomly assigned to a seat in a cubicle with a computer. Any losses incurred
during the experiment were deducted from this initial endowment. Note that this is a common prac-
tice in experimental economics to introduce losses. The subjects started the experiment and left the
lab simultaneously. In the instructions, they were informed that one of their choices in the experi-
ment would be randomly implemented for real at the end and that their earnings were given on the
screen. The payment was made at the end of the whole experiment. Before undertaking each task,
subjects received the instructions in French and were asked to answer two comprehension questions
correctly. Instructions were on the computer screen when subjects made real decisions.

After completing these tasks, the subjects were invited to fill in a short and non-incentivized ques-
tionnaire, allowing us to collect demographic information such as age, gender, education, etc. We
included the cognitive reflection test by Frederick (2005) to measure individual cognitive abilities
and examine their potential correlation with narrow bracketing.17 We also included the validated,
survey-based measure of individual willingness to take risks “in general” (hereafter, WTR) (Dohmen
et al., 2011). Furthermore, we added a set of numeracy skill tests from Skagerlund et al. 2018 to the
questionnaire to control for the heterogeneity in statistical reasoning skills.18 The details of these
questions and tests are in Appendix A.

It is noteworthy that there was no resolution of uncertainty before the end of the experiment when
the final payments were made. The average earnings of subjects were € 10.17, and the total duration
of a session, including the payment procedure, was less than one hour.

We observe substantial heterogeneity in risk attitudes across the whole sample based on the self-
reported number on the 11-point risk scale (see Figure 6 in Appendix B). The modal response is
three, but mass is distributed over the entire support. This self-reported WTR is overall consistent
with the findings of the literature on average risk attitudes and gender differences. The average WTR
is 4.67, reflecting weak risk aversion if one takes a value of 5 as the index of risk neutrality (t-test
p-value = .02). We will use WTR to measure risk attitudes in the empirical test of narrow bracketing
in Section 4.3.

Table B.2 in Appendix B reports the summary statistics of our sample. We have more female than
male subjects (105 and 71, respectively). Most subjects were undergraduate students at the Toulouse
School of Economics, with a median age of 20, French, and studying economics. An average score of
1.49 correct answers out of 3 in the cognitive reflection test (CRT) is slightly higher than the average
score of 1.24 that Frederick (2005) obtained with students in the US. This difference can be partly
attributed to the fact that 25% of our subjects had seen the CRT before. Those subjects who had seen
the CRT test beforehand performed significantly better (Wilcoxon test p-value = .007 with a mean
comparison of 1.86 versus 1.38).

4. Experimental results
This section shows that our experimental results align with the theoretical predictions in Subsection
2.2.4. These results contrast alternative decision theories such as standard expected utility theory and
prospect theory. Specifically, we have shown that different from the expected utility theory or prospect
theory without narrow bracketing, we expect the expected payoffs of the lotteries to be greater than
all the WTPs, and WTPG > WTPL > WTPV ; in addition, the WTP for insurance decreases with
the degree of loss aversion. In Subsection 4.1, we first show that the average WTP for lotteries in all
the experimental tasks is significantly lower than their expected values. In Subsection 4.2, we turn
to within-subject comparisons of WTP across different tasks. The relationship between the average

17Read et al. (1999) conjectured that narrow bracketing can be a consequence of cognitive capacity limitations because
combining risks is more complicated than assessing them one by one and so requires greater cognitive capacity.

18Although our tasks did not require much computation, one may be confronted with a situation in which individuals with
poor statistical reasoning skills may have a poor understanding of the tasks.
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Fig. 2 Average willingness to pay
Notes: Lotteries R1, R2, R3, and R4 are given by .7 * 0 ⊕ .3 * 10 , .5 * 0 ⊕ .5 * 10, .3 * 0 ⊕ .7 * 10, and .5 * 2 ⊕ .5 * 8, respectively. The number
on the top of each bar corresponds to the average willingness to pay for the lottery indicated by the y-axis in a given task. Vertical line
segments depict 95% confidence intervals. The dashed horizontal lines indicate the expected value for each lottery.

WTP in different tasks aligns with what narrow bracketing predicts. In Subsection 4.3, we test the
prediction of narrow bracketing – the WTP for insurance decreases in the degree of risk aversion.

4.1. An overview of the average willingness to pay
Figure 2 reports the average willingness to pay for each lottery in Table 2 in different experimental
tasks. Almost every lottery has a valuation significantly lower than its expected value in both the
investment task and insurance tasks, except lottery R1 in tasks INS-G and INS-L and lotteries R2 and
R4 in tasks INS-G. This observation is in stark contrast with the expected utility theory. Since the
average valuation of each lottery in the investment task is significantly lower than its expected value
at the 5% level, subjects are considered risk-averse (at least locally). We should, therefore, expect that
the valuation of each lottery in the tasks INS-G and INS-L is strictly higher than its expected value.
Prospect theory is unable to explain this observation either. As documented by many experimental
studies (e.g., Di Mauro & Maffioletti, 2004, Viscusi & Chesson, 1999), individuals are risk averse
to modest probabilities in the gain domain. We should still expect that the lotteries in task INS-G
are more highly valued than their expected values. However, as seen in Propositions 2 and 3, this
undervaluation of insurance can be easily explained by narrow bracketing.

Individuals’ willingness to pay for almost all lotteries is significantly lower than their expected
values in both the investment and insurance tasks.

4.2. Treatment comparisons
Given a within-subject design, we performed paired t-tests to compare the willingness to pay for a
lottery across different experimental tasks. In total, there were three pairs of comparison: INV versus
INS-G, INV versus INS-L, and INS-G versus INS-L. Figure 3 summarizes the comparison results. In
the first pair of comparisons, subjects valued every lottery except R3 more in task INS-G than in task
INV at a significance level of 1%. A similar observation applies to the second pair of comparisons.
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Fig. 3 Pairwise comparisons of willingness to pay across tasks
Notes: Each figure panel titled by a lottery name summarizes the results of pairwise comparisons of willingness to pay for the lottery in
different experimental tasks. Experimental tasks are indicated by the x-axis. The significance level of the paired t-test is placed at the top
of the segment, linking two compared tasks. Notations of significance levels are as follows: ns for p-value> .1; * for p-value ≤ .1; ** for
p-value< .05; *** for p-value< .01.

The willingness to pay for lotteries was higher in task INS-L than in task INV, though the differ-
ence was significant at the 1% level only for lottery R4. Overall, these results suggest that subjects
recognized the additional insurance value of the lotteries when moving from the investment task to
the insurance task. In the last pair of comparisons, the lotteries in both tasks played the role of full
insurance. The only difference between the tasks was whether preexisting risks occurred in the gain
domain or the loss domain. Consistent with the reflection effect in prospect theory (Kahneman &
Tversky, 1979), subjects’ willingness to pay for lotteries was consistently higher in task INS-G than in
task INS-L. Moreover, the difference is significant at the 1% level for all lotteries except R4. In total,
89 participants reported higher WTP for at least three risky lotteries in task INS-G (see Table B.3 in
Appendix B).

However, as explained in Section 4.1, prospect theory cannot justify that subjects paid less than the
actuarial value of full insurance in task INS-G. So, a positive degree of narrow bracketing is needed
to explain the data. It is also remarkable that in line with the predictions in Propositions 2 and 3,
the relationship between WTP for the same lottery in different experimental tasks satisfies WTPk

G >
WTPk

L > WTPV for k> 0.

Individuals’ willingness to pay for a lottery was significantly higher when it was full insurance than
when it was a pure investment. Moreover, individuals’ willingness to pay for the same lottery was
significantly higher when it was full insurance against the risk of gains rather than losses, which
is consistent with Hypothesis 1.

4.3. Testing the theory of narrow bracketing
According to Propositions 2 and 3, if individuals have a positive degree of narrow bracketing, the
willingness to pay for insurance will decrease in the degree of risk aversion (or loss aversion) (see
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Table 3 Effect of risk attitudes on hedging behavior

Internal measure Survey-based measure

(1) (2) (3) (4) (5) (6) (7) (8)

Dep.: WTP INS-G INS-L INS-G INS-L

HighRiskAversion -1.312*** -1.309*** -1.572*** -1.517*** -1.250*** -1.301*** -.696** -.727**
(.312) (.316) (.274) (.264) (.347) (.360) (.313) (.308)

Subgroup No Yes No Yes No Yes No Yes
Gender No Yes No Yes No Yes No Yes
Cognitive score No Yes No Yes No Yes No Yes
Numeracy score No Yes No Yes No Yes No Yes
Mean of Dep. 4.81 4.81 3.95 3.95 4.81 4.81 3.95 3.95
R2 adjusted .07 .08 .13 .16 .06 .08 .05 .09
Observations 704 704 704 704 704 704 704 704

Notes:This table testswhether thosewhoaremore risk-averse have lowerWTP for lotteries in the insurance tasks. Thedependent variable is the
WTP for the risky lotteries. The internalmeasure of beingmore risk aversion is constructed based on subjects’ behaviors in the investment task:
if there were more than three times out of four that elicited WTP was lower than the mean of the lottery, then the dummy of HighRiskAversion
equals one for this subject. The survey-based measure of risk aversion is constructed using the self-reported willingness to take risks from 0
to 10: the dummy of HighRiskAversion equals one if the reported number is small or equal to three, the modal value. Standard errors in the
OLS regressions are clustered at the individual level and placed in parenthesis. Notations for significance levels are as follows: * for p<.1; ** for
p<.05; *** for p<.01.

Hypothesis 1). To test this prediction of narrow bracketing, we run the following OLS regression to
compare the WTP of subjects with a high versus low degree of risk aversion:

WTPij = c + 𝛼RiskAversioni + 𝛽0Meanj + 𝛽1Variancej + 𝛾Xi + 𝜖ij, (4.1)

where WTPij is the elicited WTP of individual i for lottery j in insurance tasks INS-G and INS-L,
RiskAversion is a measure of the degree of risk aversion as defined in the next paragraph, and X is a
vector of individual characteristics such as gender, cognitive score, numeracy score, and a subgroup
dummy indicating the orders of experimental tasks. Mean and Variance are the expected value and
variance of lottery j. AsWTP for a lottery can be affected by unobserved individual characteristics, we
allow for correlations in errors across lotteries in each treatment for the same subjects by clustering
standard errors at the individual level.

We have two measures of risk attitudes. One is an internal measure constructed using the number
of times subjects were unwilling to purchase risky lotteries with their mean values in the investment
task, denoted as RA. Recall that in the investment task, subjects faced four risky lotteries and a mul-
tiple price list for each lottery. Subjects made a risk-averse decision if the elicited WTP was lower
than the mean of the lottery, a risk-neutral decision if they were equal, and a risk-loving decision
otherwise. Given that risk aversion is mainly driven by loss aversion in small stakes, we consider
those with lower WTP for lotteries in the investment task more risk averse and thus with a higher
degree of loss aversion. Table B.4 in Appendix B summarizes the numbers of individuals who made
different numbers of decisions in each category: risk averse, risk neutral, and risk-loving. A subject
is classified as risk-averse if she makes risk-averse decisions on most of the four occasions, namely,
RA ≥ 3. The sizes of the subsamples “RA ≥ 3” and “RA< 3” are 100 and 76, respectively. It is worth
mentioning that these subsamples differmainly in the distribution of RA but not in any other aspects,
for instance, gender composition (Wilcoxon sign test p-value = 0.39 with a mean comparison of .45
versus .38). The other is a validated, survey-based measure using the self-reported willingness to take
risks in general, denoted WTR (from zero to ten, see Figure 6 in Appendix B). There is substantial
heterogeneity in this survey-based measure of risk attitudes, and we classify a subject as risk-averse
if she has a low willingness to take risks, namely, WTR< 4. The sizes of the subsamples “WTR ≥ 4”
and “WTR< 4” are 117 and 59, respectively. We find a strong correlation between the two measures.
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Under the theory of narrow bracketing, WTP for lotteries in tasks INS-G and INS-L are expected
to be lower in the subsample that ismore risk-averse.This starkly contrasts with the conventional wis-
dom that more risk-averse individuals should invest less but insure more. Table 3 summarizes linear
regression results of regressing WTP for lotteries in the insurance tasks on risk attitudes. Columns
(1), (3), (5), and (7) show the results of the baseline specification in Equation (4.1), while columns
(2), (4), (6), and (8) show similar results after controlling the order of tasks, numeracy and cognitive
abilities, and gender.The coefficient estimates forHighRiskAversion are all negative, which aligns with
the theoretical prediction. An individual subject to narrow bracketing evaluates insurance in isola-
tion as a gamble and neglects its role as a hedge. The results are robust if we use continuous measures
of risk aversion or ORIV approach (Gillen et al., 2019) to correct for potential measurement errors
(see Table R.1 and Table R.2 in the online appendix).

From Propositions 2 and 3, we know that WTP for lotteries in the insurance tasks is decreas-
ing in the degree of loss aversion. This relationship further implies that WTP for lotteries in tasks
INV, INS-G, and INS-L should be positively correlated via loss aversion under the theory of narrow
bracketing. Figure 7 in Appendix B shows that the correlation coefficient of WTP for every lottery
pair is strictly positive. Consistent with our findings, Frederick et al. 2015, Frederick et al. (2018), and
Chatterjee and Mookherjee (2018) recently identified a positive correlation between the valuations
of a bet and its full hedge in lab experiments. Frederick et al. (2018) also showed that the model of
expectation-based reference-dependent preferences by Koszegi and Rabin (2006), Koszegi and Rabin
(2007) cannot explain their findings. Additionally, Eling et al. 2021 documented a positive correlation
between financial investment and insurance holding in a survey study conducted across 14 European
countries.

In Figure 8 and Figure 9 in Appendix C, we further show that the prediction holds for each lottery
in the insurance tasks by comparing the WTP of subjects with different levels of risk aversion. In
addition, when we focus on the subsample that is less risk-averse, we observe that the average WTP
for lotteries in task INS-G is slightly higher than their expected values formost lotteries.The opposite
is true in task INS-L. These patterns are consistent with the reflection effect of prospect theory, that
is, risk-averse in the gain domain and risk-seeking in the loss domain. This is because a weakly loss-
averse individual is not affected much by narrow bracketing and hence behaves more or less in line
with what prospect theory predicts.

Consistent with Hypothesis 2, we find that those more risk averse in the investment task are less
willing to pay for the lotteries in task INS.

5. Structural estimation of preferences
In the previous section, we show that subjects’ choices fit well with the combination of prospect the-
ory and narrow bracketing.Thus, in this section, we estimate individual degrees of narrow bracketing
– in contrast to Rabin and Weizsäcker (2009) (RW from now on) who do not allow partial narrow
bracketing in the estimation. We avoid restricting the distribution and correlation between individ-
ual narrow bracketing and attributes in the estimation. With the individual estimates, we further
conduct a counterfactual analysis to quantify the individual effect of narrow bracketing on hedging.
Meanwhile, to speak to the heterogeneity analyses in RW,we also embed heterogeneity in othermodel
parameters instead of assuming the degree of risk aversion and loss aversion to be the same for all the
subjects.

The main results in this section are estimated using the data of risky lotteries R1 − R4, and we
focus on analyzing binary choices for two reasons. First, as we have discussed in Subsection 3.1, the
unique switching point constraint should have a limited impact on the choices. Second, analyzing
categorical choices – one decision per price list – requires strong assumptions. We need to assume
that subjects consider 13/21 decisions simultaneously and make decisions based on the expected
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payoff. Thus, we follow the approach of Holt and Laury (2002) and Andersen et al. (2008) to pool
all the 228 binary choices of each subject (the calculation of sample size is explained in Table 2).
In the extended model, we use random coefficients and observable characteristics to deal with the
dependence between decisions.

5.1. Model
As defined in Subsection 2.1, we assume that the objective function of subject i is to maximize the
expected payoff by choosing the acquired risk ̃x given the preexisting risk ̃y and her degree of narrow
framing ki:

max
̃x∈𝒳

EVi( ̃x + ̃y, ̃x) = (1 − ki)Eui( ̃x + ̃y) + kiEgi( ̃x).

The details of EVi( ̃x + ̃y, ̃x) – the perceived payoffs of buying or not buying a lottery given a lottery
realization – are summarized in Table 2. The acquired risk ̃x equals 10+ xEx− c if subjects choose to
buy a lottery at a price c and 10 if not. Recall that xEx represents a risk that produces xwith probability
p and x with probability 1 − p.

Suppose that the utility functions u(⋅) and g(⋅) over earnings are given by

ui(x) = gi(x) = { (x − x0)1−rg , if x ≥ x0;
−𝜆WTR(x0 − x)1−rg , otherwise.

(5.1)

rg < 1 is the relative risk aversion by gender g, with rg = 0 denoting risk-neutral behavior, 1 > rg > 0
denoting risk-averse behavior, and rg < 0 denoting risk-loving behavior. In addition, 𝜆WTR > 1 is
the degree of loss aversion by WTR (a binary survey-based measure used in Subsection 4.3). x0 is the
status quo – the initial endowment of € 10 in this experiment, which is supported by the domain-
specific hedging behavior presented in Subsection 4.2.19 Note that the actual reference point when
subjects narrowly bracket embeds the background risk and equals x0 + ̃y. To obtain group-specific rg
and 𝜆WTR, we estimate

̂ri = ̂r0 + ̂rMale × Malei
𝜆̂i = 𝜆̂0 + 𝜆̂LowWTR × LowWTRi,

whereMalei is a male dummy and LowWTRi is a dummy that equals one if subjects reported to have
a low willingness to take risks in general (WTR< 4, same as the division used in Table 3). In the
appendix, we use random coefficients to allow for unobserved individual heterogeneity in relative
risk aversion ri and exploit more observable heterogeneity in the degree of loss aversion 𝜆i. More
details are in Appendix C.3. To generate a positive likelihood of any choice, we use the Logit model
and assume the idiosyncratic preference over option A satisfies a logistic distribution. Denote A as
buying a lottery and B as keeping the initial endowment. Then the probability that subject i buys a
lottery xEx at price c is given by:

Pi(A| ̃y, xEx, c) =
exp(𝛿iEVi(10 + xEx − c + ̃y, 10 + xEx − c))

exp(𝛿iEVi(10 + xEx − c + ̃y, 10 + xEx − c)) + exp(𝛿iEVi(10 + ̃y, 10))
, (5.2)

where 𝛿i captures the fitness of choice probabilities in approximating best responses.When 𝛿i is large,
the model utility dominates error terms; the smaller the 𝛿i is, the closer that subjects’ choices are
to random choices. We let 𝛿i = 1 in the baseline model, which we relax in the extended model
by estimating it and allowing for unobserved heterogeneity.20 The probability that subject i chooses
option B (not to buy) equals: Pi(B| ̃y, xEx, c) = 1 − Pi(A| ̃y, xEx, c).

19We also tried to estimate the x0 as a free parameter using the symmetric lotteries and found an estimate close to 10 (see
Table R.3 in the online appendix).

20We choose not to estimate precision parameters in the baseline model because doing that would substantially affect the
estimates of rg. The baseline model still misses some unobserved individual heterogeneity in relative risk aversion r and the
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The overall log-likelihood of observing the choices of all the subjects is

LL = ∑
i

∑
j

[dAij log(Pi(A| ̃yj, xjExj, cj)) + (1 − dAij )log(1 − Pi(A| ̃yj, xjExj, cj))],

where j refers to a choice scenario that is associated with preexisting risk ̃yj, lottery xjExj, and price
cj. dAij is an indicator that a subject i chooses option A – buying a lottery – in choice scenario j.

IdentificationThe identification of parameters is as follows. First, identifying the degree of narrow
bracketing ki hinges on the choice difference between the investment task (INV) and the insurance
tasks (INS-G and INS-L). If subjects are fully narrow bracketing, they should behave in (almost) the
same way in the three tasks for a given lottery. If ki increases, subjects should bemore likely to choose
the lottery in the insurance tasks relative to the investment task. Furthermore, the identification of
the degree of loss aversion byWTP, that is, 𝜆WTR, relies on two sources: i) the differential behaviors in
task INS-G (risk in the gain domain) and task INS-L (loss domain), and ii) the deviations of switching
points from the expected value of lotteries in the investment task. Recall that under prospect theory,
the deviation between WTP in task INV and the expected value results from the influence of loss
aversion on individual risk attitudes in low-stake decisions (see the discussion in Subsection 2.2.4).
Finally, the relative risk aversion by gender rg is identified by the choice differences in response to
different prices within a given price list.

Ourmain challenge is to identify individual degrees of narrow bracketing ki. On the one hand, the
within-subject design gives us rich observations to identify ki. Specifically, we have (21x3+13)*2=152
observations per subject from the insurance task where ki is relevant and 76 observations per sub-
ject from the investment task as control where ki does not matter. On the other hand, the evenly
distributed multiple price list is superior in deriving precise estimates of the behavioral model com-
pared to random prices, which is also the motivation behind multiple price lists. Thus, this sample
size allows us to detect a small deviation of ki from one, complete narrow bracketing. Apart from ki,
regarding the identification of rg and 𝜆WTR, there are only four values to be estimated using the deci-
sions of 176 subjects in the baseline model, and 59 values in the extended model where we exploit
random coefficients and observable heterogeneity in loss aversion.

5.2. Estimation of parameters
Table 4 summarizes the estimates under different assumptions on ki. In column (1), we follow RW to
assume individuals are either fully broad bracketers or fully narrowbracketers and the share of narrow
bracketers is group-specific ( ̂ki = ̂k0 + ̂kMale × Malei). In columns (2)–(4), we assume individuals of
each group have the same degree of narrow bracketing, divide groups by gender ( ̂ki = ̂k0 + ̂kMale ×
Malei), cognition ( ̂ki = ̂k0+ ̂kHighCog ×HighCogi), or numeracy ( ̂ki = ̂k0+ ̂kHighNum×HighNumi), and
estimate the whole model respectively. Although we assume ̂ki ∈ [0, 1] in columns (2)–(4), we do not
impose this restriction in the estimation because the unrestricted estimates of group ki are already
between zero and one, and imposing this restriction would not affect the estimates. In column (5),
we estimate individual degrees of narrow bracketing ̂ki subject to the constraint of ̂ki ∈ [0, 1] for each
i and compute group-specific means by simply averaging ̂ki of those in that group. In column (6), we
provide estimates when we allow individual-specific ki ∈ [0, 1] and further heterogeneity in relative

degree of loss aversion 𝜆. The choices that the model cannot rationalize would be treated as a random force. Recall that the
choice probability satisfies 𝛿iEVij/ ∑j 𝛿iEVij if EVij is the payoff of choice j. The estimate of the precision parameter 𝛿i would
be smaller if random forces were more important in rationalizing the choices. A consequence of unobserved heterogeneity
and a small 𝛿i is that EVij has to be greater for some i and j to match the data because economic payoffs are also important in
explaining some data patterns. The empirical evidence suggests that adding precision parameters in the baseline model biases
rg towards zero, which suggests EVij is crucial to explain the choices when payoffs are large. After adding richer heterogeneity
in the parameters in the extended model, 𝛿i becomes larger, and ̂r becomes larger than zero.
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Table 4 Estimation results

(1) (2) (3) (4) (5) (6)
Parameter Extreme types Mixed types

k by group k by group k by individual

Gender Gender Cognition Numeracy Baseline Extension

r̂0 .374 .397 .397 .398 .371 .144
(.02) (.021) (.021) (.021) (.022) (.059)

r̂Male -.104 -.095 -.093 -.095 -.100 -.020
(.029) (.028) (.028) (.028) (.029) (.09)

𝜆̂0 1.597 1.573 1.571 1.578 1.851 2.798
(.084) (.087) (.087) (.087) (.091) (.345)

𝜆̂LowWTR .818 .680 .684 .680 .735 1
(.18) (.163) (.164) (.165) (.159) (.303)

k̂0 .548 .490 .505 .583 .481 .509
(.076) (.067) (.066) (.064) (.006) (.007)

k̂Male .104 .118 .050 -.002
(.124) (.114) (.004) (.008)

k̂HighCog .087
(.114)

k̂HighNum -.106
(.112)

̂𝛿0 .515
(.255)

̂𝛿Male .076
(.26)

Log-likelihood -18819 -18976 -18980 -18977 -17373 -15240

Notes: This table summarizes the parameter estimates and standard errors (inside brackets) in different specifications. Each individual has 228
observations. The extreme type specification in column (1) follows RW, which assumes that subjects are either fully narrow bracketing or fully
broadbracketing.Columns (2)–(4)provide thecoefficientswhenwedivide the sample into twogroupsby individual characteristics andestimate
the group-specific degrees of narrow bracketing correspondingly. LowWTR is a dummy that equals one if WTR< 4, HighCog is a dummy that
equals one if one gets at least three correct answers from four questions in the cognitive reflective test (Frederick, 2005). Highnum is a dummy
that equals one if one gets four correct answers among five questions in the numeracy test. In columns (5) and (6), we report the average ̂ki
by gender for comparison. The standard errors in columns (1)–(4) are clustered at the individual level and computed based on gradient and
hessian matrix, and those in columns (5)–(6) are obtained from computing the standard deviation of 100 simulated draws for each parameter
without clustering. When ki is subject-specific, whether to cluster at the individual level does not affect its standard error.

risk aversion r, loss aversion 𝜆, and precision parameter 𝛿. The details of the extended model are in
Appendix C.3.

Consistent with the literature, the estimated utility curvature satisfies 0 < rg < 1, and loss aversion
𝜆 is greater than one in all the specifications. The assumption of extreme types in RW has the advan-
tage of accounting for boundary restrictions of k, though at the cost of neglecting intermediate types
in the estimation. By comparing the likelihood in columns (1)–(5), we can observe that the specifica-
tion of column (1) performs slightly better in fitting the data than that of columns (2)–(4). However,
when we compare the estimates of ̂k, it is easy to observe that the group estimates in columns (1)–(2)
are greater than the group averages of individual estimates in column (5). The underlying reasons
differ between columns (1) and columns (2). In column (1), the model considers that many individ-
uals are at the extremes (0 or 1). The fact that individual WTP for insurance is a convex function of k
determines that an individual with k in the middle tends to be attributed as fully narrow bracketing
in the estimation. In contrast, in column (2), the model fails to embed the bounded property of k
and thus overestimates k when many subjects exhibited a very low willingness to pay that the model
cannot rationalize.
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Fig. 4 Histogram of the estimated individual degree of narrow bracketing
Notes: The value on top of the bars corresponds to the fraction of subjects in the bin according to the estimates of the baseline model
(column (5) in Table 4). A total of 42% of the participants have k̂∈(0,1) and 29.6% have k̂=1 after rounding up to two decimals. In Appendix
C.2, we show that some subjects partially suffer from narrow bracketing at the 5% significance level after adjusting for the false discovery
rate.

Overall, we did not find a significant difference between subgroups after clustering the standard
errors at the individual level in columns (1)–(4). Let us focus on the differences in estimates between
different models. First of all, the estimated gender difference in column (5) with individual estimates
is smaller than those in columns (1)–(2) with group-specific estimates (.05 vs .104). Besides aver-
aging ki by gender in column (5), we also average by cognition/numeracy and compare the means
with columns (3)–(4). Specifically, in column (3), ̂k0 = 0.505 and ̂kHighCog = 0.087; based on the
model in column (5), ̂k0 = .505 and ̂kHighCog = −.012. The negative sign of ̂kHighCog aligns with
the hypothesis that subjects with higher cognitive ability have a lower tendency of narrow bracket-
ing. The relation with cognitive ability is associated with the debate on whether narrow bracketing
is caused by cognitive limitation or intention of self-control (Koch & Nafziger, 2019). In column (4),
̂k0 = 0.583 and ̂kHighNum = −0.106, while the estimates of themodel in column (5) give us ̂k0 = 0.520

and ̂kHighNum = −0.041. Similar to the case of gender, estimating individual ki will give us a smaller
average than directly estimating group average k, and the difference between groups is also smaller
in magnitude. When ki is subject-specific, whether to cluster at the individual level does not affect
its standard error. Furthermore, the estimates of the extended model slightly differ from those in
the baseline model, and we show in Appendix C.3 that the results of the following analyses are quite
similar.21

In summary, by neglecting the bounded feature of k or the existence of intermediate types, we
may overestimate the magnitude of narrow bracketing and misinterpret its relation with individual
characteristics. Our sample does not represent the population, so we cannot easily compare our esti-
mates by subgroups with those in the literature, such as RW.However, the insight can still be extended
beyond this experiment to other studies that estimate the extent and the effect of narrow bracketing.

Figure 4 shows the histogram of the individual estimated degrees of narrow bracketing. After
rounding up to two decimal places, we show substantial individual heterogeneity: 28.4% of subjects

21The difference in the estimates is mainly driven by the inclusion of precision parameters (see Table R.5 in Subsection 3.1
of the online appendix).
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Table 5 Average willingness to pay for lotteries R1 − R4 in the insurance tasks

INS-G INS-L

Switching point Estimation No bias Switching point Estimation No bias

Panel A: lottery R1
Male 3.665 2.192 3.866 2.623 1.471 1.921
Female 4.288 2.329 4.326 3.021 1.13 1.476
Panel B: lottery R2
Male 4.757 4.205 6.132 3.581 3.286 3.868
Female 4.893 4.434 6.676 3.75 2.872 3.324
Panel C: lottery R3
Male 4.82 6.641 8.079 4.327 5.773 6.134
Female 4.96 6.988 8.524 4.064 5.527 5.674
Panel D: lottery R4
Male 4.412 4.324 5.267 4.151 4.16 4.733
Female 4.464 4.315 5.368 4.06 4.044 4.632

Notes: For each lottery in each insurance task, we compute the three WTP by gender: WTP directly inferred from the switching points, WTP
computed from individual estimates of the degree of narrow bracketing (fitted value), and WTP if subjects are fully broad bracketers (counter-
factual). The comparison between the switching points and the fitted values shows the fitness of themodel. The comparison between the fitted
values and the counterfactual shows the effect of narrow bracketing on WTP.

had ̂k = 0, 42% had ̂k ∈ (0, 1), and 29.6% had ̂k = 1. Thus, ̂k clusters at zero and one, but there
is a substantial share of subjects with a ̂k in the middle. As the degree of narrow bracketing k is a
bounded parameter, we cannot apply standard approaches for hypothesis testing. In Appendix C.2,
we show that some subjects partially suffer from narrow bracketing at the 5% significance level. As
the probability of observing false positives gets close to one when there are 176 tests, we adjust using
the false discovery rate by comparing kth ordered p-value with k × 0.05/176 among all significant
results.

To address the concern that the degrees of narrow bracketing may vary by the context, in partic-
ular, the symmetric versus asymmetric lotteries in our experiment, we redo the analyses using the
symmetric lotteries, R2 and R4 (see Section 5 in the online appendix).Themain results still hold, and
the ̂kis estimated using the symmetric lotteries are very close to those using the whole sample (Figure
R.4 in the online appendix).

5.3. Counterfactual
With the individual estimates of k, we check the model’s fitness and quantify the effect of narrow
bracketing on the WTP for insurance. For each individual, we simulate the WTP from switching
points, the WTP based on ̂ki, and the WTP if ki = 0 based on the baseline model. Table 5 presents
the average of the three types of WTP by gender.

Overall, the model’s predicted WTP matches the switching points of the symmetric lotteries. The
discrepancy between the WTP inferred from switching points and that based on ̂k in R1 and R3
fits well with the prediction of probability weighting. In R1 and R3, the model performs worse in
fitting the data. Even in R2 and R4, there is still some gap between WTP from switching points and
WTP simulated using the estimated model. This discrepancy, however, supports our approach. This
discrepancy appears because some subjects switched very early in the price list, and we would over-
fit the data at the cost of overestimating k without imposing bounded constraints. By comparing the
WTP with ki = ̂ki and that with ki = 0, we show that narrow bracketing reduced individual WTP
for insurance. Specifically, it reduced the average WTP by 32.7% for R2 in task INS-G, 14.2% for
R2 in task INS-L, 18.9% for R4 in task INS-G, and 12.5% for R4 in task INS-L. So consistent with
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Fig. 5 Change in WTP due to narrow bracketing in the insurance tasks
Notes: This figure plots the relationship between model-based WTP (x-axis) and WTP if k drops to zero (y-axis) for lotteries R2 and R4 by
gender and task. The size of the circles corresponds to the number of observations.

Subsection 4.2, the impact of narrow bracketing on hedging was greater in task INS-G than in task
INS-L.

To demonstrate the effect of narrow bracketing ki for each individual, we plot in Figure 5 the
relationship between WTP with ki = ̂ki (x-axis) and that with ki = 0 (y-axis) based on the baseline
model. A similar plot based on the extended model is in Appendix C.3. The distance to the 45∘ line
captures the effect of narrow bracketing, and the points that fall on the 45∘ indicate that those subjects
behave like broad bracketers. Consistent with Table 5, the effect of narrow bracketing on hedging
is quite large in task INS-G for some subjects, especially in lottery R2, while that in task INS-L is
relatively modest.

6. Conclusion
We conclude by pointing out some limitations of our analyses and suggesting avenues for future
research. First, our analyses are based on 176 subjects, and recruiting a representative large sample
will enhance the external validity of the estimates and allow researchers to examine the determinants
of narrow bracketing in general. Second, we estimate a fixed degree of narrow bracketing for each
subject, but the degree of bracketing can vary by context within a subject. It would be interesting to
investigate such variation in future research.

Supplementary material. The supplementary material for this article can be found at https://doi.org/.10.1017/eec.2025.1.
The replication material for the study is available at https://doi.org/10.6084/m9.figshare.28169810.v2.
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