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Abstract

Information in economics is viewed as desirable to the extent that it leads to better decisions.
Growing evidence, however, finds that people are often motivated to avoid instrumentally useful
information — and sometimes are better off for doing so. I develop and validate a scale and show
that the desire to obtain and avoid information is domain-specific, stable over time, and predicts
consequential behavior. One consequence of such a desire to avoid information is that some
behavioral interventions, e.g. energy reports comparing one’s own use to that of neighbors, may
have a hedonic cost that is not accounted for (Chapter 1). Providing information can also have
a more direct policy cost. When tackling challenging societal problems like climate change,
we may be motivated to provide information to citizens and policymakers about all available
options. However, painless nudges, intended to be complementary policies, can come to be
viewed as solutions on their own. They can then crowd-out support for more effective policies,
ultimately undermining the policy objective (Chapter 2). Finally, behavioral interventions have
been subject to the criticism that they are manipulative and would be ineffective if transparently
disclosed. I show that, contrary to this fear, telling people that they were randomly assigned to
a default option does not diminish the effectiveness of the nudge (Chapter 3).
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Introduction

The acquisition of information holds the promise to improve the quality of our decisions and, hence,
our well-being. The more we know about the options that are available to us, the more likely we
are to choose the ones that maximize our utility. This optimistic view dates back to George Stigler,
whose seminal work introduced to economics the idea of information as a scarce resource: buyers
in a market lacked information about the products and prices available to them and sellers paid a
cost to inform them through advertisements (Stigler 1961). In the nearly 60 years since, economists
have tended to adhere to the Stiglarian assumption that information is useful and desirable to the
extent (and only to the extent) that it helps us make better decisions. When information is freely
available and there are no strategic considerations, a decision-maker should always obtain it and

never incur any costs to avoid it.

But a psychological account of information suggests that our relationship with information is
more complex than that. For example, the prospect of carrying a gene that puts us at risk of an
incurable disease does not just affect our future consumption choices, but also creates anxiety in
the present. People may ultimately prefer ignorance, even when learning that they carry the gene
would influence economically consequential decisions (e.g. whether to have children or how much
to save for retirement). Oster, Shoulson, and Dorsey (2013) look at people who have one parent
with Huntington’s disease, and hence have a 50% chance of suffering from the disease themselves.
They all had access to a free diagnostic test that would resolve the uncertainty, and those who opted
to take the test and found they had the condition really did change their behavior. However, fewer
than 10% of people in their sample chose to get tested and instead lived their lives like those who

learned they did not carry the mutation.

While people may have many reasons not to get tested, including the monetary costs of the test,
Ganguly and Tasoff (2016) conduct a laboratory experiment that eliminates all (economic) costs:
participants consent to having their blood drawn and participate in a series of laboratory tasks in

exchange for a fixed payment and bonus earnings. At the end of the study, participants are offered



the option of forgoing part of their participation payment in exchange for not receiving test results
for a sexually transmitted disease. Such avoidance not only shows the hedonic cost of learning
unpleasant information, but also shows the potential costs to society: those who fail to learn they

carry a communicable disease may then be more likely to spread it to others.

Information avoidance is not limited to the health domain. Participants in another laboratory
experiment were ranked based on their attractiveness as rated by those of the opposite sex (Eil and
Rao 2011). At the end of the experiment, they had the opportunity to learn what their rank was
compared to others in the session. Some participants (those rated as least attractive) were willing to
forgo part of their payment to avoid learning their true rank. While people may especially treasure
their good health and their desirable self-image, there is also ample evidence that they avoid bad
financial news: Sicherman et al. (2016), for example, find that those with brokerage accounts
invested in stocks are less likely to log onto their accounts on days when markets are down and they

might expect to observe losses.

Although previous work has documented substantial degrees of avoidance across domains (see
Golman, Hagmann, and Loewenstein 2017 for a systematic review), these studies have been
conducted across subjects. It may be that there are some people who do not wish to have any
(potentially painful) information, while the majority of people behave like standard economic theory
assumes and obtain instrumentally useful information. Alternatively, it could be that many people
wish to avoid some information, but those who are afraid of learning about their health risks may be

receptive to information about their finances.

Chapter 1 investigates this question empirically and develops a psychometric scale to measure
information preferences across three economically consequential domains: health, finance, and
self-image. The desire to obtain or avoid potentially painful information informs many high-stakes,
economically relevant decisions and may be as fundamental to understanding them as are risk and
time preferences. I show that information preferences are a stable construct and that the measure is

predictive of consequential decisions to obtain (or avoid) information. The scale provides evidence



for a high prevalence of avoidance: most respondents were willing to avoid at least some information.
Moreover, while the desire to avoid information in one domain is correlated with the desire to do
so in another, I show that avoidance is domain-specific. Information preferences, moreover, are
correlated with both risk and time preferences: those who are more tolerant of risk and those who
are more patient are also more willing to obtain information. This is consistent with a view in which
information (and beliefs) enter directly into someone’s utility function (see Golman, Hagmann, and
Loewenstein 2017): news then resembles a risky gamble that may either return a gain (good news)
or a loss (bad news). Moreover, while the cost of a negative information shock is immediate, the

benefits, in terms of improved decisions, are frequently delayed.

Such a desire to avoid information has two key implications for public policy. First, information-
based interventions may impose an additional cost that has not yet received attention in the literature.
Consider a “nudge” in which residential energy consumers are informed of their neighbors’ con-
sumption (Allcott and Rogers 2014). Traditional cost-benefit analysis would weigh the resulting
reduction in energy use against the cost of mailing customized utility bills. In such a comparison,
the intervention turns out to be extremely cost effective (Benartzi et al. 2017). However, learning
that one’s own energy consumption considerably exceeds that of others may also impose a hedonic
cost on the recipient. Indeed, this may be why the intervention works in the first place. Such a cost
would ultimately need to be accounted for as well. The Information Preferences Scale may help
detect for whom these hedonic costs are greatest. Second, policies are generally applied indiscrimi-
nately. For example, all customers of a utility provider receive an identically designed bill — and all
employees covered by a particular health plan receive the same brochures. However, informational
interventions are likely to be more effective for those who are receptive to the information, rather
than motivated to avoid it. The scale could find applications in targeting individuals for whom

interventions may cause the greatest change in behavior.

Chapter 2 extends the cost of information beyond hedonic implications for individuals, and proposes

that learning about complementary policies can crowd-out the desire to implement policies expected



to be most effective. When facing major policy challenges, like ensuring a stable income in
retirement or providing access to health care, we have accepted sweeping and costly policy changes.
The social security program, for example, forgoes a restrained approach in favor of a mandate to
save. Although such a policy may not be optimal for consumption smoothing, it has substantially
reduced poverty in old age (Engelhardt and Gruber 2004). The Affordable Care Act similarly
removed choice about whether to obtain health insurance coverage and imposed a mandate to do
so. Countries around the world are debating similarly sweeping legislation to combat the threat of

global climate change, although with limited success to date.

One reason to implement such paternalistic policies, even in countries that tend to put more weight
on individual liberties, is that they appear to be the only solutions that effectively tackle the problem.
However, since the release of the book “Nudge,” (Thaler and Sunstein 2008) softer policies have
shown to be effective and virtually costless to implement. Changing a retirement savings plan
from an “opt-in” model, in which employees have to make a deliberate choice to join, to “opt-out,”
in which they are enrolled and contributing by default, has lead to considerable increases in how
much people save (Madrian and Shea 2001). The “Libertarian Paternalism” approach to policy
(Camerer et al. 2003a; Thaler and Sunstein 2003) has gained support around the world, with nudge
units operating out of governments, international organizations, and, increasingly, the private sector

(“Policymakers Around the World Are Embracing Behavioural Science” 2017).

Although nudges are extremely cost-effective, there are important situations in which their absolute
effect size remains small. Nudges that promote energy conservation, for example, lead residential
energy users to cut back by just over a percentage point (Allcott 2015), which is unlikely to make
a sizable impact on carbon emissions, since only about 10% of such emissions are caused by
residential energy use in the first place. Of course any reduction is better than nothing, especially
when it indeed can be achieved at low cost. However, as I show in Chapter 2, there is a largely
unrecognized and potentially pernicious cost of introducing such an environmental nudge: people

may come to see it as an alternative to more substantive policy, rather than the complementary role



it would ideally serve. Participants across 6 experiments, including a sample of policymakers, were
less likely to support a carbon tax when they also had the option of implementing a green energy
nudge. That is, the (small) gains of nudges may come at the expense of decreased support for more

painful, but ultimately more impactful policies.

Finally, there is one domain in which policymakers have considered the cost of information: they
have worried that transparency about the use of nudges could undermine their effectiveness (Bovens
2009; House of Lords 2011). If defaults, for example, work only when people are unaware that
an attempt is being made to influence them, then transparency may render the nudge ineffective.
Worse, learning that one has been influenced could potentially lead to backlash, making the nudged

option even less likely to be chosen.

Chapter 3 reports evidence that the effectiveness of a default nudge is indeed not diminished when
the intervention is transparently disclosed. Respondents in an experimental survey were asked to
complete a hypothetical advance directive, in which they expressed their preferences for receiving
(or declining) life-extending measures that may impose considerable discomfort, such as receiving
nutrition via a feeding tube when they are unable to eat on their own. They were randomly assigned
to a default of receiving or declining these interventions. I observe a default effect even when
participants were aware that their default had been randomly assigned and that others had been
randomly assigned to the other option, removing any recommendation signal that the default may

convey.

Together, the three essays suggest that deciding whether to provide information to people in the
context of public policy is not straight-forward. When a standard economic account suggests people
should be informed, they may desire to remain ignorant (Chapter 1). When information about a new
policy falsely implies the possibility of a quick-fix, ignorance may lead to better policy outcomes
(Chapter 2). And when we might worry that disclosure undermines a policy’s effectiveness, we
may do so for no good reason (Chapter 3). Experimental methods, as employed in the following

chapters, can advance a psychologically grounded understanding of information and set a path to



more effective policymaking.



1 Measuring Information Preferences

1.1 Introduction

We live in an unprecedented age of information. Advances in genetic testing can reveal conditions
decades before symptoms emerge, calories in our meals are prominently displayed on menus,
and social media “likes” tell us how receptive others are to the thoughts we share. Much of this
information is available at little or no (financial) cost and can be consequential for the decisions
individuals make. Conventional economic models, dating back to George Stigler’s seminal paper
on information as a scarce resource (Stigler 1961), suggest that decision-makers would be eager to
obtain such news and make full use of it. At worst, information that turns out not to be useful can

simply be ignored.

Contrary to this perspective, a substantial body of experimental and field evidence finds that people
are often unwilling to learn information that could be painful. Oster, Shoulson, and Dorsey (2013),
for example, find that only 7% of individuals at high risk for Huntington’s disease elect to find out
whether they have the condition, despite the availability of a genetic test that is generally paid for by
health insurance plans. Ganguly and Tasoff (2016) find that participants in a laboratory experiment
are willing to forgo part of their earnings in order to not learn the outcome of a test for a sexually
transmitted disease and that such avoidance is greater when the disease is more severe. Information
avoidance is not limited to health decisions. Sicherman et al. (2016) show that investors are less
likely to log on to their stock portfolios on days when the market is down, when they might expect
to observe losses in their own investments. Similarly, potentially unpleasant information about
one’s personal characteristics may be avoided. Eil and Rao (2011) find, in a laboratory experiment,
that many participants who expect to be rated as relatively less attractive or intelligent compared
to other participants are willing to pay to avoid learning their true rank. Across contexts, people
appear to deliberately and actively avoid information, even when it could be instrumental and lead

to better decisions.



What could explain such avoidance? Recent models of belief-based utility propose that people
derive value not merely from their consumption, but also from their beliefs about themselves and
the world, as well as their expectations about the future (Falk and Zimmermann 2014; Koszegi and
Rabin 2006; Loewenstein 2006). That is, information itself can have hedonic costs and benefits that
have to be traded off against the decision utility of the information. When decision-makers fear that
the information could be unfavorable, they may decide to not obtain it in an effort to protect the
value they derive from their (potentially false) belief, even as that may undermine the quality of
subsequent decisions. For example, learning one’s level of attractiveness does not merely provide
value because it informs other decisions (e.g., whom to invite out on a date), but learning that one is
(un)attractive may provide (dis)utility regardless of whether the information changes one’s decisions.
The mechanism of anticipated regret (Zeelenberg 1999), whereby we imagine a better outcome had
an alternative been chosen, may cause people to avoid information expecting that they will regret

knowing the truth.

Failure to obtain information can have implications for society at large. Communicable diseases
such as HIV may fail to get diagnosed and proliferate as a result (Caplin and Eliaz 2003; Sullivan et
al. 2004). Voters may not consider information that challenges their ideological views, potentially
causing insufficient and biased updating that may contribute to political polarization (Druckman,
Peterson, and Slothuus 2013). In the case of climate change, active avoidance of scientific consensus
may contribute to policymakers’ failure to take actions to deal with the problem (Ho, Budescu, and
Por 2017; Marshall 2014). In an organizational context, managers at firms may (deliberately) fail
to learn about ethical transgressions of their employees (Bazerman and Sezer 2016), with costly

consequences for society as well as, often, the firm itself.

Of course, not all individuals avoid potentially unpleasant information in all situations. Some people
routinely get tested for sexually transmitted diseases or expose themselves to political views contrary
to their own. This suggests that information preferences may be an important source of individual

differences, similar to time and risk preferences. Unlike for those two important characteristics,



however, there is no commonly used measure to assess preferences for information. Indeed, despite
the many serious consequences that avoiding information may have for society or the individual,
we know little about who these avoiders are, and hence cannot identify them in empirical research
or develop potential interventions that target them. Although economics and psychology both
offer potential explanations for information avoidance (Golman, Hagmann, and Loewenstein 2017,
Sweeny et al. 2010), to date there has been no empirical work clarifying information preferences as
a psychological construct. Existing studies primarily test one-time, context-specific decisions and,
with one exception that we discuss below (Howell and Shepperd 2016), there is no direct method of
eliciting such individual preferences across a variety of situations. This leaves unanswered questions

about the generality of information aoidance across domains, its prevalence, and its consequences.

In this paper, we develop and validate a scale measuring information preferences. Our scale asks
respondents to imagine themselves in a series of hypothetical scenarios in which they can choose
to obtain (or not obtain) information. The scenarios cover three domains that span many high-
stakes decisions, and for which there exists empirical evidence of avoidance: health, e.g. obtaining
an estimate of one’s life expectancy; finance, e.g. learning about the performance of alternative
investments that one could have pursued; and personal characteristics, e.g., how attractive others
believe one to be. We rely on scenarios to make salient the potential hedonic cost of obtaining
the information. This is a deviation from scales measuring other constructs that rely on abstract
questions and we show that our scenarios better predict consequential information acquisition

decisions than do abstract questions.

We first outline the development of the Information Preferences Scale (IPS) building on insights from
four pilot studies. Then, in Study 1, we identify the latent factors underlying information preferences
and show prevalence of information avoidance across a variety of scenarios and domains. We also
compare the discriminant and convergent validity of information preferences with established
measures of related theoretical constructs. We predict that information preferences will differ across

domains. For example, individuals afraid of learning potentially negative health news may not be



averse to learning about their attractiveness. In Study 2, we confirm the latent factor structure of
information preferences on a new sample using a confirmatory structural equation model, and we
verify test-retest reliability of the scale via two scale administrations that were four weeks apart.
Using the theoretical constructs most related to information preferences from the prior study, we
refine the conceptual (dis)concordance of information preferences by further comparing the IPS

with additional established measures.

Study 3 further tests the extent to which the scale can predict real-world decisions to acquire
information in all three domains, and provides an additional test of convergent validity by comparing
our measurement to an alternative scale designed to measure information avoidance using abstract
questions, rather than specific scenarios (Howell and Shepperd 2016). Study 4 tests the scale’s
ability to predict information acquisition decision in a domain different from any of the three
included in the scale itself. We show that our scale predicts not just intentions, but actual behaviors

related to information acquisition and conclude with recommendations for applications of the scale.

1.2 Scale Development

Given the difficulty of capturing the diverse and almost infinite situations in which one seeks, or more
interestingly, avoids information, our scale development process focuses on three domains in which
information avoidance has been empirically demonstrated and which plausibly provide information
that people may be motivated to avoid: health, consumer finance, and personal characteristics. These
are topics for which information of uncertain valence may induce anxiety and discomfort but for
which attaining more accurate beliefs can yield considerable benefits. Early health interventions can
extend life expectancy, learning about financial mistakes can improve future financial well-being,
and accurate information about how one is perceived by others can improve self-presentation and
social interactions. The three domains allow us to cover a broad range of information acquisition
decisions and to explore whether avoidance in one domain (e.g. health) is also predictive of

avoidance in another domain (e.g. finance).
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Ajzen and Fishbein (1977) point out that attitudes and behaviors often do not correspond unless the
attitude is related to the behavior. To that end, rather than elicit attitudinal dispositions, we design
each item to contain a specific hypothetical scenario in which a decision-maker has an option to
acquire potentially useful information, though perhaps at a risk of a negative surprise (e.g. learning
one has made a mistake in the past). Learning an outcome can increase the quality of later decisions,

but at a possible emotional expense.

The scenarios are written to represent situations that people may typically encounter and may
already have experience with, e.g. whether to look at the performance of an investment opportunity
they did not pursue. This increases content validity, or the extent to which the scale is representative
of a general population’s experiences. To make the framing more natural and to minimize asking
leading questions that might exaggerate information avoidance, all items ask about the desire to

obtain the information (rather than avoid it).

In our first pilot study, we categorized people according to a four-fold classification of information
preferences by giving participants in each scenario the choice of whether to either completely avoid
an item of information, avoid the information only if a) they expect a negative outcome (e.g., to not
look at credit score if they suspect it is low), b) avoid the information only if they expect a positive
outcome (e.g., that they are viewed as more attractive than they thought), or ¢) seek information
regardless of their expectations. Some items also tapped into the temporal aspect of avoidance: the
choice to delay, but not entirely avoid consumption of information, e.g., by setting aside an envelope
with a bill to be opened at a later date. A general information preferences question described the
tendency for people to avoid information when it could be painful or seek it even when it may be

painful, and asked participants to rate themselves along this continuum.

Respondents were generally less receptive to information when they expected negative outcomes,
confirming similar experimental evidence (Oster, Shoulson, and Dorsey 2013; Ganguly and Tasoff
2016; Eil and Rao 2011). We retained pilot items if they exhibited a biserial correlation of greater

than 0.25 for at least one part of the question with both the general information preferences question
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and the total sum-score. Items examining delay in information seeking were not predictive of
either criterion and were excluded, along with three items that describe situations less commonly

encountered outside of the United States that could have restricted international usage of the scale.

In the second iteration, participants evaluated separately whether they would obtain or avoid the
information in two circumstances: when the expected outcome was positive and when it was
negative. Again, participants typically reported more avoidance with a negative expected outcome.
As a higher proportion of participants avoided information when it was expected to be negative, we
rewrote and tested a new set of general items which measured the inclination to remain ignorant in

a situation even when others may know bad news about the individual.

The penultimate pilot study tested a revised set of items such that no outcome (positive or negative)
was explicitly stated, but the possibility of either outcome was implicit. The new items, in line
with previously generated successful items, sought to capture universal experiences and situations
(e.g., whether to check if your recommendation to a friend was well-received). The four-fold
classification was initially distilled into a binary decision: simply the decision to acquire or avoid
information. However, a final pilot study that used a four-point ordinal response scale yielded higher
internal consistency (measured by Cronbach’s o) than when participants were presented only with a

dichotomous choice; hence, the final resulting scale incorporates the ordinal responses.

In all the scenario-based questions, the information is depicted in a way so that (1) information
is of uncertain valence, i.e. it could be favorable or unfavorable, and (2) the potential discomfort
is experienced when the information is obtained while the potential benefits of obtaining the
information are in the future. Prevalence of information avoidance is defined by proportion of
respondents who definitely or probably did not want to know a piece of information. The final scale
contains 13 items (5 personal characteristic items, 3 health items, 3 finance items, and 2 general

items; Table 1).
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Table 1: Scale Items and Proportion of Avoiders.

Domain

Scale Item

Avoidance

Health

Finance

Personal Characteristics

General

As part of a semi-annual medical checkup, your doctor asks you a series of questions. The answers to
these questions can be used to estimate your life expectancy (the age you are predicted to live to). Do
you want to know how long you can expect to live?

You provide some genetic material to a testing service to learn more about your ancestors. You
are then told that the same test can, at no additional cost, tell you whether you have an elevated
risk of developing Alzheimer’s. Do you want to know whether you have a high risk of developing
Alzheimer’s?

At your annual checkup, you are given the option to see the results of a diagnostic test which can
identify, among other things, the extent to which your body has suffered long-term effects from stress.

Do you want to know how much lasting damage your body has suffered from stress?

43.68%

21.32%

25.52%

Ten years ago, you had the opportunity to invest in two retirement funds: Fund A and Fund B. For the
past 10 years, you have invested all your retirement savings in Fund A. Do you want to know the
balance you would have, if you had invested in Fund B instead?

You decide to go to the theater for your birthday and give your close friend (or partner) your credit
card so they can purchase tickets for the two of you, which they do. You aren’t sure, but suspect that
the tickets may have been expensive. Do you want to know how much the tickets cost?

You bought an electronic appliance at a store at what seemed like a reasonable, though not particularly
low, price. A month has passed, and the item is no longer returnable. You see the same appliance
displayed in another store with a sign announcing *SALE.” Do you want to know the price you could

have bought it for?

51.05%

20.52%

37.37%

You gave a close friend one of your favorite books for her birthday. Visiting her apartment a couple
of months later, you notice the book on her shelf. She never said anything about it; do you want to
know if she liked the book?

Someone has described you as quirky, which could be interpreted in a positive or negative sense. Do
you want to know which interpretation he intended?

You gave a toast at your best friend’s wedding. Your best friend says you did a good job, but you
aren’t sure if he or she meant it. Later, you overhear people discussing the toasts. Do you want to
know what people really thought of your toast?

As part of a fund-raising event, you agree to post a picture of yourself and have people guess your age
(the closer they get, the more they win). At the end of the event, you have the option to see people’s
guesses. Do you want to learn how old people guessed that you are?

You have just participated in a psychological study in which all the participants rate one-anothers’
attractiveness. The experimenter gives you an option to see the results for how people rated you. Do
you want to know how attractive other people think you are?

23.68%

31.31%

39.21%

24.21%

39.21%

Some people seek out information even when it might be painful. Others avoid getting information
that they suspect might be painful, even if it could be useful. How would you describe yourself?

If people know bad things about my life that I don’t know, I would prefer not to be told

28.69%

33.69%
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1.3 Study 1

Study 1 explores the latent factor structure underlying the measure of information preferences
devised in earlier pilot studies. Additionally, we examine the relationship between the Information
Preferences Scale (henceforth IPS) and other conceptually-related measures. Experiments frequently
measure participants’ time and risk preferences and we expect those measures to correlate with
the desire for information. Because the psychological cost (e.g., anxiety, disappointment) occurs
immediately and the benefits (e.g., realization of better financial decisions) occur in the future, those
who discount the future more are expected to also be less likely to desire information. We predict
that those with high discount rates overweigh the anticipated pain that comes with immediately
consuming the information, and underweigh the positive utility that such knowledge may bring
in the future. Similarly, because the valence of the information is uncertain, individuals face the
prospect of either learning favorable news or unfavorable news. That is, the decision to acquire
information is similar to that of a risky lottery, with some probability of a gain and some chance of
incurring a loss. We hypothesize that individuals who are more tolerant of risk are then also more

willing to obtain information.

1.3.1 Method

1.3.1.1 Subjects

We recruited 400 participants (52.89% male with a mean age = 34.92, SD = 9.99) via Amazon
Mechanical Turk. Of those, 18 participants failed the attention check and 2 did not complete the

full survey. We analyze data from the remaining 380 participants.

1.3.1.2 Procedure

Participants completed the 13-item scale generated from the pilot studies. To ensure consistency in

response format across items, the response scale for all items was on a 1-4 Likert scale, from 1 =

14



“Definitely don’t want to know” to 4 = “Definitely want to know.” For each item, we standardized
the response by subtracting from it the mean and dividing it by the standard deviation. To assess
the relationship between information preferences and other established constructs hypothesized
to be related to our measurement, participants also completed measures for risk aversion (Gneezy
and Potters 1997), time preferences (Kirby, Petry, and Bickel 1999), openness to opposing views
(Minson, Tinsley, and Chen 2018), preference for coherence (Antonovsky 1993), need for cognition
(Cacioppo, Petty, and Kao 1984), preference for consistency (Cialdini, Trost, and Newsom 1995),
as well as several general personality traits (BFI; John and Srivastava 1999). We presented the
measures and scales (including our own) in random ordering to prevent order effects. Items in each
measure were appropriately reverse-coded and, with the exception of the time discounting task,
averaged to produce a mean score. The time discounting measure was calculated by identifying the

point of indifference between two valuations (see Kirby, Petry, and Bickel 1999).

1.3.2 Results

Across all scenarios we observe a considerable degree of avoidance, suggesting that information
avoidance is highly prevalent. On average across all participants and items, 32.46% of responses
indicated a definite or probable preference for not obtaining the information. The fraction of avoidant
responses across items ranged from 20.52% to 51.05% (Table 1). To produce an information
preferences score, items were averaged (M., = 0.67, SD;..r. = 0.16). The distribution of scores for

all studies are shown in Figure 1.

To determine whether demographic variables influence information preferences, we regress gender,
education, political affiliation, income, and age on the scale scores. No coefficient was significant
at the a = 0.05 level; nor is the resulting model, F (25, 354) = 0.73, p = 0.82. This suggests that

information preferences do not differ across any broadly defined demographic group.

1.3.2.1 Exploratory Factor Model
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Figure 1: IPS score distribution density plots with median (Studies 1-4).
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Table 2: Standardized factor loadings for the EFA (Study 1) and CFA (Study 2).

Item EFA Loadings CFA Loadings

Health H1 0.66 0.71 ***
H2 0.80 0.72 ***

H3 0.75 0.69 ***

Finance F1 0.37 0.64 ***
F2 0.29 0.27 ***

F3 0.49 0.70 ***

Personal I1 0.96 0.40 ***
12 0.54 0.59 ***

I3 0.59 0.56 ***

14 0.73 0.66 ***

I5 0.75 0.68 ***

General Gl 0.81 0.8 ***
G2 0.81 0.67 ***

4.p<0.10, * p<0.05, ** p < 0.01, *** p < 0.001.
® EFA = Exploratory Factor Analysis.
¢ CFA = Confirmatory Factor Analysis.

To examine the latent factor structure of information preference, we perform exploratory factor
modeling on the scale in a two-step procedure. First, to determine the number of latent factors, we
apply Kaiser’s rule (1960), which retained 4 latent factors from the scale’s 13 items. We hypothesize
that information preferences consist of three domain factors as well as a general factor. Then, we
fit an exploratory factor analysis on the 11 domain items using an oblimin factor rotation, which
accounts for correlations across latent factors. A three-factor model provides the best model fit.
As predicted, the items have high loadings on their intended domains, e.g., all health items cluster
together to form an individual factor. This implies that the propensity to obtain information is
conditional on the particular topic. The two general items exhibited moderate correlations with items
from all the three domains. To incorporate the additional two general items, we fit an exploratory
structural equation model (Asparouhov and Muthén 2009) on all 13 items into a general factor
whilst simultaneously accommodating the three-factor structure uncovered in the domain items.
The exploratory factor loadings are presented in Table 2. We verify this model in a confirmatory

analysis in Study 2.
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1.3.2.2 Divergent Validity

To examine the divergent validity of the 13-item scale, we compare the correlations between

established measures, the IPS, and the domain-specific items (Table 3).

Table 3: Divergent validity correlations (Studies 1 and 2).

Comparison Scale Health Consumer Finance Personal Sum Score Total
Study 1 Need for Consistency -0.06 0.03 -0.03 -0.07
Need for Closure -0.07 0.04 0.04 -0.12 *
Receptiveness to Opposing Views 0.13 **  -0.02 0.09. (0.23 ik
Need for Cognition 0.12 * 0.09. 0.15 ##% (.21 ***
General Risk 0.05 0.07 0.13 ** 0.12*
Time Discounting -0.07 -0.08 -0.12%  -0.16 ***
BFI: Extraversion 0.00 0.11 * 0.13** 0.11*
BFI: Agreeableness 0.02 -0.04 0.07 0.04
BFI: Conscientiousness 0.03 0.13 ** 0.04 0.14 **
BFI: Neuroticism -0.03 -0.08 . -0.03 -0.17 *#*
BFI: Openness 0.18 *** (.10 * 0.18 *** (.22 ***
Study2 Curiosity 0.13 *** (.03 0.13 ##k (.22 ***
Self-Efficacy 0.14 #*** (.08 * 0.18 ##k (2] ***
Learning Styles 0.23 ##* (.11 ** 0.25 *#* (.31 ***

1.3.2.2.1 Preference for cognitive activities

To examine information preferences are related to a propensity for satisfying other types of knowl-

edge gaps, we examined the correlation between our scale and the Need for Cognition scale (NFC;

Cacioppo, Petty, and Kao 1984). The correlation between information preferences and the NFC

was positive, r(379) = 0.21, p < 0, indicating that those with a high need for cognition also have
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a tendency to desire information (Table 3). The Receptiveness to Opposing Views scale (Minson,
Tinsley, and Chen 2018) assesses the tendency to listen to opinions that are contrary to one’s own,
closely-held beliefs. As one might expect, participants who preferred information in general were
also more likely to be receptive to hearing viewpoints that differed from their own, #(379) = 0.23, p

<0.

Need for Closure (Webster and Kruglanski 1994) measures a preference for order, structure, and
predictability, over ambiguity (Kruglanski 2013). We hypothesize that those exhibiting a great
need for closure would be more willing to disregard evidence that either does not correspond with
already formulated opinions or induces re-evaluation. We observe a low but significant negative
correlation between Need for Closure and the IPS, #(379) = -0.12, p < 0.05, suggesting that those
who prefer order and structure are more likely to avoid psychologically discomfiting information.
The Preference for Consistency-Brief Scale (PfC-B; Cialdini, Trost, and Newsom 1995) was not
correlated with the IPS, r(379) = -0.07, ns, perhaps because the PfC-B scale measures both an
individual preference for consistency and also a self-reported perception of how others see one in

this regard, whereas the IPS measures only the individual trait.

1.3.2.2.2 Risk, Time, and Information Preferences

Receiving information of uncertain valence can be risky: it could turn out favorably, with news
better than expected. However, it could also be worse than expected, leading to a loss in belief-utility.
Consequently, we hypothesized that people who are more open to taking risks may also be more
willing to obtain information that could be either positive or negative. Indeed, consistent with this
account, we find that risk tolerance is positively correlated with the desire to obtain information

r(379) =0.12, p < 0.05.

Similarly, as obtaining potentially painful information (e.g., watching a video of oneself giving a
talk) often involves an immediate cost in exchange for a delayed gain (e.g., improved teaching in the

future), we also anticipated that information avoidance would be associated with high rates of time
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discounting. Analogously and in line with prior work, temporal discounting might also influence
people’s decision to obtain information immediately or delay consumption to the future (Falk and
Zimmermann 2014). As predicted, we observe a negative relationship between the desire to obtain

information and the discount rate (Kirby, Petry, and Bickel 1999), r(379) =-0.16, p < 0.

1.3.2.2.3 General Personality Traits

We look at the relationship between information preferences and the Big Five Personality Inventory
(BFTI; John and Srivastava 1999). The desire for information was uncorrelated with agreeableness
(r(379) = 0.04, ns), but positively correlated with extraversion (r(379) = 0.11, p < 0.05, consci-
entiousness (r(379) = 0.14, p < 0.05), and openness to new experiences (r(379) = 0.22, p < 0).
information preferences are negatively correlated with neuroticism (r(379) = -0.17, p < 0). Ex-
traversion, characterized by high sociability and expressiveness, may induce those exhibiting high
levels of this trait to also seek information more. Exhibiting high conscientiousness, i.e., a tendency

towards perseverance, may be the counterpoint against information-delaying inclinations.

Conversely, neuroticism, the tendency to more readily experience unpleasant emotions, may increase
the hedonic cost of obtaining unfavorable information and hence make one less likely to take a
chance in obtaining it. People who score high on the openness to new experiences factor, which
relates to a tendency towards intellectual pursuits, also score high on curiosity (John and Srivastava
1999), and may incur a cost from not having information that they know is available, irrespective of

its valence.

1.3.3 Discussion

Study 1 examines the factor structure of the IPS and its relationship to a broad range of other mea-
sured constructs. In a purely exploratory model, the domain items all load onto their respective latent
factors (e.g., health items all mapped onto the same factor), providing a clear multi-dimensional

factorial structure of information preference. This result implies that information preferences are
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sensitive to the context in which the information is embedded, providing support for our second
hypothesis that information preferences are sensitive to domain. Yet, we also sought to capture a
more general and contextless aspect of information preferences with our two general items, and the
exploratory factor model fitted suggests the latent factor structure of information preferences can
accommodate both individual personality differences and context-dependent dimensions (Mischel

and Shoda 1995).

To the best of our knowledge, this is the first empirical evidence comparing within-subjects’
differential propensities towards obtaining information; previous studies (e.g., Sullivan et al. 2004)
have focused instead on specific, one-time situations where usually only a single decision is involved.
We see sizable proportions of avoidance across the wide variety of situations depicted in the IPS. To
the extent that self-reporting behavior introduces bias (e.g. because participants want to project a
favorable view of themselves), and to the extent that information-seeking is viewed as normative,

we are if anything underestimating the extent of avoidance.

The discriminant validity of information preferences’ psychological uniqueness is affirmed by its
lack of correspondence with potentially related constructs such as measures of need for consistency,
closure, cognition, risk attitudes, receptiveness to opposing views, time discounting, and general
personality traits. The scale appears to measure a distinct construct, with none of the correlations
between the scale and potentially related measurements exceeding an absolute value of 0.3. Addi-
tionally, information preferences are not predicted by standard demographic characteristics such as
gender, income, age, or political affiliation. In concert, these findings suggest the factors underlying
the latent construct of information preferences are unique and cannot be explained solely by existing
measurements. To further confirm and replicate these results, in Study 2 we administer the IPS to
another sample at two time points, allowing us to assess test-retest reliability as well as providing

additional, empirically motivated tests of convergent and discriminant validity.
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1.4 Study 2: Test-retest reliability

We confirm the proposed exploratory factor model from Study 1 with a new and larger sample.
By eliciting the scale from the same respondents at two points in time, we were able to assess
test-retest reliability. We further test, beyond the measures in Study 1, the discriminant validity of
the information preferences scale by comparing it with additional constructs that have potential
theoretical overlap. This allows a further clarification of the correspondence between information
preferences and other established personality traits. We selected measures that bore the most
theoretical similarity to the constructs most highly correlated with information preferences in Study
1: curiosity, self-efficacy, and different learning styles. For example, a moderate correlation between
information preferences and openness to new experiences in Study 1 suggests that information
preferences may also be linked to curiosity, which is typified by search for information that may
not be particularly useful (Loewenstein 1994). Recently, receptiveness to oppositional political
views has also been linked to curiosity (Kahan et al. 2017), further lending support to a potential

relationship between preferences for information and curiosity.

1.4.1 Method

1.4.1.1 Subjects

We recruited 601 participants (52.8 % male with a M,,, = 36.71, §D,,, = 12.01) on Amazon
Mechanical Turk to complete the scale at two time points about four weeks apart. To avoid biasing
our results, we report results for the 500 participants who completed both stages in our analysis.
Those who failed to respond to the follow-up survey do not differ on any demographic measure

from those who did complete the follow-up.

1.4.1.2 Procedure

To examine the stability of the psychological trait over time, participants completed the assessment
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twice, with a four-week lag between the two administrations. For the first administration of the
IPS only, we included additional psychological measures: the Curiosity and Exploration Inventory
(CEI-II; Kashdan et al. 2009) and the General Self-Efficacy Scale (GSE; Schwarzer and Jerusalem
1995).

1.4.2 Results

We observe high internal consistency in both the first (measured by average inter-item correlations;
Cronbach’s o = 0.8) and second (v = 0.83) administration of the IPS. Test-retest reliability, measured
by the correlation of respondents’ average scores across both time points, was r = 0.64, indicating

that the IPS reliably measures the construct over time.

1.4.2.1 Confirmatory factor analysis

We fit a confirmatory structural equation model on the responses for the first administration of
the scale. Due to the ordinal (non-continuous) response type, the IPS is not normally distributed,
Mikewness = 1188.56, p < 0, Myyrosis = 17.99, p < 0 (Mardia 1970). In such a situation, Floran
and Curran (2004) recommend using the diagonal weighted least squares estimation procedure to

estimate the confirmatory latent model.

Confirming the exploratory factor model in Study 1, the resulting latent factor structure (Figure 2)
contains four correlated factors: the three domains and a general information preferences factor.
The general factor loads onto the latent domains as well as the two general items (Table 2). The root
mean square error approximation (RMSEA), a model fit index (Steiger and Lind 1980), is € = 0.03,
90% confidence interval, [0.02, 0.04], and falls within guidelines of good model fit (< 0.08; (Hooper,
Coughlan, and Mullen 2008). This is corroborated by other fit statistics, Tucker-Lewis Index = 0.98
(Tucker and Lewis 1973), and Comparative Fit Index = 0.99, above recommended cutoffs of 0.90

and 0.95, respectively (Hu and Bentler 1999). The latent factor correlations are shown in Table 4.
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Figure 2: SEM Plot (Study 2).
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Table 4: Latent factor correlations (Study 2).

Health Finance Personal General

Health 1
Finance 0.39 1
Personal (.54 0.48 1
General 0.76 0.44 0.53 1

1.4.2.2 Curiosity, Self-Efficacy, and Learning Style

We further assess the theoretical correspondence between information preferences and other person-
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ality traits. As predicted, curiosity was positively related to the desire for more information, (r(585)
=0.22, p < 0). Conscientiousness, which relates to being motivated and persevering, exhibited a
positive relationship in Study 1 with self-efficacy, or the extent to which individuals believe them-
selves to be capable of performance on a task, both academically (Caprara et al. 2011) and in the
workforce (Martocchio and Judge 1997; Lee and Klein 2002). Such efficacious attitudes are linked
to goal-oriented behaviors and motivation (Bandura 1986), and Schunk (1990) has suggested that
those with low reported self-efficacy may avoid learning to prevent confirming personal suspicions
of inadequacy. We hypothesized that self-efficacy may influence the perceptions of information
usefulness; that is, those exhibiting high self-efficacy would feel more confident in their ability to
make better decisions in the face of potentially negative information and thus be more likely to
obtain such information. We see a positive relationship between information-seeking preferences

and the GSE, r(585)=0.21, p<0.

1.4.3 Discussion

Study 2 demonstrates the psychometric stability of the scale over time. In addition, using a
latent model approach, our confirmatory factor model provides further evidence that IPS reliably
and validly measures both domain-specific preferences for information as well as information
preferences as a general psychological trait. Moreover, we find that individuals have different
information-seeking preferences for health, finances, and personal characteristics. We further clarify
the unique construct of information preferences as compared to other psychological constructs most
closely aligned with those possessing highest convergent validity in Study 1. The correlations, while
statistically significant, remain moderate (Study 1 range: [-0.17, 0.23]; Study 2 range: [0.21, 0.31],
further lending evidence that the desire to seek or avoid information can be reliably measured by the

IPS, and that information preferences are not simply an amalgamation of other existing constructs.
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1.5 Study 3: Predicting Information Choices

Studies 1 and 2 show that the scale is reliable, contains a stable factorial structure, and possesses
adequate discriminant and internal validity. Having illustrated the psychometric robustness of the
scale, we next explore the potential external validity of the scale. Here, we provide a systematic test
of the IPS and all its subscales on domain-related information seeking and avoiding behaviors. We
test, on a more diverse sample, whether our validated scale can predict behaviors associated with
information preferences across all domains represented in the IPS. In line with evidence from the first
two studies suggesting that construct of information preferences are domain-specific, we hypothesize
that the scores from the domain-specific items can predict a related decision to obtain information.
Moreover, as the IPS was designed to be predictive across a variety of contexts, we also hypothesized
that scores from the complete IPS would predict information acquisition decisions across domains.
Additionally, we compare our scale to an alternative assessment measuring information avoidance
using abstract questions (Howell and Shepperd 2016), providing an additional test of convergent

validity and a benchmark for our scenario-based approach.

1.5.1 Methods

1.5.1.1 Subjects

We recruit readers of a science message board Reddit r/science via a discussion about information
avoidance and listeners of a behavioral science podcast You're Not So Smart in an episode on the
same topic. We thus reached a sample that was both geographically diverse (40.33% from outside
the US) and highly educated (32.04% with graduate degree). In total, 181 participants (61.33%

male with a M4, = 35.57, SD,,, = 11.28) completed our study.

1.5.1.2 Procedure

Participants completed the 13-item scale and were asked to make a consequential decision to obtain
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(or avoid) information in one of the three domains represented in the scale. If participants chose
to obtain the information, they were forwarded to the relevant website upon completion of the
study. Participants were randomly assigned to make this decision in the health domain (a website
calculating their life expectancy), the personal characteristic domain (an algorithm that would
estimate their age from a picture), or the financial domain (a website to estimate their income in
retirement). We also varied whether we highlighted potentially positive information (e.g. you might
live longer than you expected) or negative information (e.g., you might not live as long as you
expected). Because fewer respondents completed the survey than expected, we are not sufficiently
powered to detect differences in that framing and combine both in our analyses. Because the
issue of retirement savings is less relevant in many countries outside of the United States, non-US
participants were not assigned to this condition. Finally, participants also completed a recently
published alternative measure for information preferences (HS; Howell and Shepperd 2016). The
format of HS is open-form (example item: “I would rather not know ). These sentence
stems allow the test-maker to complete the sentence as they wished. In line with the phrases used in
the Howell and Shepperd (2016) study, the sentences were completed using the phrases “my health”,
“my finances”, and “how attractive others find me” for the three domains. We counterbalanced
the order of the questions as follows: the behavioral measure was asked either first or last and we

randomized the order of the IPS and the HS scale.

1.5.2 Results

The IPS and the HS scale were moderately negatively correlated, »(180) = -0.66, p < 0, indicating
an oppositional correspondence between information preferences and information avoidance, as
expected. To examine the relationship between our scale and HS scores on propensity to opt for
information, we conducted logistic regressions. The IPS in conjunction with the HS scale, the
total IPS scale, its individual subscales, the total HS scale, and the individual HS subscales were

regressed separately on the decision to seek or avoid information.
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The complete IPS scale significantly predicts information seeking across all three decision tasks,
ORoveran = 1.11,95% CI =[1.06, 1.16], p < 0. The HS scale is, in contrast, not significant, ORyeran =
0.99, 95% CI1=10.98, 1], p=0.09. When both scales are compared in a multiple logistic regression,
the total IPS score significantly predicts information-seeking behaviors over the HS score, OR pg |
us = 1.09, 95% CI =[1.04, 1.15], p < 0. The HS score is non-predictive, OR yg | ps = 1, 95% CI =
[0.99, 1.02], ns.

This suggests that the IPS exhibits ecological validity, as it is able to succinctly predict information-
seeking behaviors across multiple contexts. A statistical comparison of the two scales shows clearly
that the IPS can significantly explain variations in information-seeking and -avoidant behaviors
beyond what the alternative scale can provide. We confirm this finding by applying dominance
analysis (Azen and Budescu 2003; Azen and Traxel 2009) to the logistic regression specification
containing both scales. This approach uses changes in model fit statistics (i.e., R? in ordinary least
squares regression) to determine predictor importance. Rather than the standard variance-explained
index, logistic regression relies instead on quasi-R? indices (Cox 1985; Estrella 1998; McFadden
1974; Nagelkerke 1991). The Nagelkerke index shows that the contribution of the IPS scale (R?
n =0.05) is larger than that of the HS scale (R?y = 0). This pattern replicates in the three other

quasi-R? indices tested, establishing dominance of the IPS over the HS scale.

1.5.2.1 Domain-specific results

For information on one’s life expectancy, having a high score on the health subscale significantly
predicted the odds that participants would seek the information (rather than avoid it), ORpeain secking
=1.52,95% CI =[1.1, 2.18], p < 0.05. (Equivalently, scoring low on the subscale significantly
increased the odds of avoiding the information, ORgeah Avoidance = 0.73, 95% CI = [0.65, 0.82], p <
0.) In the personal characteristics domain, having a high score on the characteristics subscale also
significantly predicted the odds of seeking information on how old the participant looked, based
on an algorithm scoring a self-portrait, ORpesona = 1.31, 95% CI =[1.09, 1.61], p < 0.01. In the

consumer finance condition, participants scoring high on the corresponding subscale tended to
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also wanted to know more about their retirement savings, though this was not significant at the
usual level, ORgjpance = 1.32, 95% CI = [0.98, 1.86], p = 0.08. Because we had a large group of
international participants and fewer respondents than we had expected, we had low power only for
this domain. In a similar series of logistic regressions, the HS subscales do not significantly predict

any related behaviors.

For ease of interpretation, we present results of a linear probability regressions. Both the IPS and
HS scales were averaged and the latter was linearly transformed so that it conformed to a 4-point
scale. The reported coefficient represents the predicted percentage point increase in obtaining the
information when the IPS shifts by one SD. Across all domains, with every additional one-unit SD
increase in the IPS the probability of seeking information increases by 27 percentage points, p < 0,
whereas an equivalent shift in the HS scale leads to a non-significant 11 percentage point increase
in avoidance. The domain-specific linear probability models for both scales are in Table 5. The IPS
significantly predicts specific domain-related information seeking or avoiding behaviors, as well as

overall information seeking and avoiding across domains.

Table 5: Linear Probability Models (Study 3).

N IPS HS

Health 75 0.2 ** -0.09
Finance 36 0.18 . 0.06
Personal 70  0.29 *** (.11

All Domains 181 0.27 *** _0.11.

1. p<0.10, * p<0.05, ** p < 0.01, *** p < 0.001
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1.5.3 Discussion

Study 3 investigates the predictive validity of the IPS with domain-specific behavioral measures. We
also compare our scale with a related elicitation (Howell and Shepperd 2016). The two scales are
moderately and negatively correlated, suggesting that, the scales overlap in what they measure. The
IPS, however, is able to predict a variety of real-world behaviors related to information acquisition.
Moreover, the subset of items pertaining to a particular domain is also able to predict the domain-
specific decision to acquire information, suggesting that it may not be necessary to present all
scenarios in some instances. Compared to a more abstract scale, relying on specific hypothetical
scenarios, as we do in the IPS, appears to better capture the trade-off between the gains of obtaining
useful information and the risk of learning something unpleasant. As Maul (2017) notes, attempting
to measure noncognitive constructs by inserting phrases in open-ended sentence stems may result
in statistical patterns apparently confirming validity but may lack correspondence to theoretical
and behavioral outcomes. The IPS achieves both the former and the latter in its ability to use both
the targeted items, as well as the entire scale, to predict behaviors related to the IPS domains. We
next ask whether the IPS can predict information avoidant behavior out-of-sample, i.e., beyond
domains represented in the IPS. In the next study, we expand the predictive range of the scale into

the domain of politics.

1.6 Study 4

The previous study demonstrated the scale’s capability to link scores to behaviors, both within
domain and across the full scale. In Study 4, we test whether the IPS can predict a decision to obtain
information unrelated to the domains already present in the scale. We hypothesize that, given the
out-of-sample nature of the task, scores from the entire IPS would predict the decision to avoid or

acquire information in the political domain.

Selective exposure to information can lead to political polarization (Druckman, Peterson, and
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Slothuus 2013), so we selected politics as the out-of-sample domain. We ask participants whether
they want to read a testimonial by someone affected by the Deferred Action for Childhood Arrivals
(DACA) policy. DACA is an immigration policy enacted under the Obama Administration that
enables undocumented immigrants who entered the country as minors to apply for a renewable
two-year deferral for deportation, in addition to a permit to work. At the time the study was
conducted, the Trump administration called for an end to DACA, leading to a national debate
on the consequences for individuals and potential alternatives to the policy. Contrary to political
polarization typically found in other immigration policies, both liberals and conservatives generally
favor amnesty and pathways to citizenship for undocumented immigrants (YouGov 2017), so we
suspected that both would have reasons to avoid obtaining information about it: for those on the
left, it would be painful to contemplate the dismantling of a policy they supported, and those
on the right may want to avoid the cognitive dissonance resulting from their party’s president
wanting to dismantle a policy they support (Festinger 1962). The potential existence of reasons for
a broad spectrum of the population to avoid information about the policy made it fertile ground
for examining information preferences. Because there are different reasons for people across the
political spectrum to avoid the information, we hypothesize that the scale can predict the decision to
read the article for both conservatives and liberals, but that we will nonetheless see differences by

political affiliation.

1.6.1 Methods

1.6.1.1 Subjects

We recruited 400 participants (50.25 % male with a M., = 35.54, SD,,, = 10.82) on Amazon
Mechanical Turk. In our sample, 26.5% of respondents identified anywhere between slightly to

extremely politically conservative.

1.6.1.2 Procedure
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Participants read about the DACA policy and rated the extent of their support for it. We then asked
them if they wanted to be forwarded to a personal testimonial from an undocumented immigrant.
This article chronicled how DACA has positively impacted his life and the consequences that a
policy repeal would have for him. They also completed the IPS. We counterbalanced whether
participants first completed the IPS or first made the decision to be forwarded to the information.
Participants then answered demographic questions. For all analyses, a median split dichotomized

political affiliation.

1.6.2 Results

In our sample, only 32% of participants supported repealing DACA, and conservatives were
significantly more likely to do so, x?(1,n = 400) = 59.90, p < .001. As we found in Study 1, there

was no relationship between political affiliation and IPS scores, ¢(318.53) = —1.16, p = .246.

Controlling for political affiliation and the interaction between political affiliation and the IPS
scores, the IPS significantly predicts avoiding the personal testimonial, ORpgiconservative = 0.31, p <
0.05. Providing an indication of the strength of the relationship, a one-unit SD decrease in the IPS
corresponds to a 33.74% decrease in the individual’s likelihood of opting to obtain the information.
Conservatives were 6.38% less likely than liberals to seek the information, though this effect is not
significant, ORnservativerps = 0.07, p = 0.05 (Figure 3). The interaction is non-significant (OR = 2.2,
p =0.09). The IPS on its own directionally correlated with the desire to obtain the information, but
was not significant at the usual level z = —1.72, p = .085, underscoring the need to include other
individual characteristics when predicting a behavior outside of the domains specified in the IPS.
We note that including only the 11 domain items (excluding the two general information preferences
items) in the a logistic regression specification including political affiliation and the IPS x political
affiliation interaction also renders the effect of the scale statistically significant, with a comparable
effect size; ORps pomain = 0.56, p < 0.05. For the distilled scale, every one-unit SD decrease in the

scale increases the likelihood of avoiding the testimonial by 36.06%.
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Figure 3: Influence of political affiliation and IPS on information seeking.
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Participants who elected to not read the testimonial (N = 254) gave a variety of reasons for their
decision. Some participants (52.76%) expressed a belief that the link would not provide them with
any instrumental information beyond what they already knew. Another 34.65% of participants
believed the information would be irrelevant to them. Some participants (12.6%) also reported that

they avoided the information because it would be painful or unpleasant to read.

1.6.3 Discussion

This study investigated the ability of the IPS to predict the desire to obtain or avoid information in a
domain not included in the scale. We picked a narrative account related to a politically contentious
topic that may be painful to read. The scale predicted the likelihood of avoiding the personal

testimonial, suggesting it can generalize beyond the topics covered in the hypothetical scenarios.
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Whether participants were liberal or conservative, not surprisingly, influenced the desire to read this
account. However, the scale predicted information seeking behavior for both parties, suggesting that
individual-level information preferences may play an important role in how political knowledge is
spread (Huckfeldt and Sprague 1987). Similarly, support for the policy did not predict information
seeking or avoiding, indicating prior stances and beliefs of an issue cannot explain the desire to seek
out this information on their own. The IPS alone also did not significantly predict avoidance in the
political domain, suggesting that combining the IPS with targeted individual characteristics, in this

case political affiliation, may yield higher predictive capacity.

1.7 General Discussion

Making good decisions is often contingent on obtaining information, even when that information
may be painful to think about. Substantial empirical evidence suggests that people are often ready
to make worse decisions in the service of avoiding potentially painful information. We propose that
this tendency to avoid potentially painful information is a trait that is separate from those measured
previously, and sought to measure it using a set of items specific enough to enable respondents
to imagine how they would behave if placed in the position, but sufficiently universal to capture

preferences for information in a broad range of domains.

In four studies, we test the validity and reliability of the Information Preferences Scale, with a
particular focus on its capacity as a behaviorally predictive tool. The IPS differs from scales
that have been used to measure many other individual difference constructs in three important
ways. First, it uses realistic and actionable scenarios as a foundation for defining the construct of
information preference. In contrast with measures that generally rely on dispositional attributes and
often lends themselves to abstracted interpretation, the IPS is oriented towards behavioral outcomes.
The response type elicits the propensity that one would seek the specific information described in
the item. Second, IPS items tap into a wide range of situations that are both psychologically and

economically consequential in the domains of health, finance, and personal attributes. Third, the
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IPS was behaviorally validated using a series of contextualized decision to acquire information
across domains, and shows promise in predicting information acquisition behavior in a domain not

included in the scale itself.

Our results show that the tendency to avoid information varies substantially across individuals,
but not along any of the standard demographics one might have assumed (e.g. education). This
may have especially important implications for disseminating information and raising awareness.
Governments (and private actors) currently apply such campaigns broadly based on the assumption
that individuals are receptive to the information. However, the impact of information campaigns
may (predictably) differ based on people’s tendency to avoid information. The expectation of a
hedonic cost might motivate some to sidestep such policy efforts. For example, financial literacy
interventions, have been found to have small impacts on behavior overall (e.g., Fernandes, Lynch,
and Netemeyer 2014). However, effects may be greater for those who are receptive to information
and willing to learn even when doing so may be painful. Similarly, the presence of calorie labels does
not always help consumers make healthier choices (Elbel et al. 2009). Information disclosure may
nonetheless be effective for the subset of consumers who are not predisposed to avoid potentially

unpleasant health-related information.

Given the welfare implications of avoidance, people’s preferences for information ought to be
accounted for when designing interventions to help reduce an unwanted behavior (e.g., smoking
cessation) or increase uptake of actions with positive outcome (e.g., more annual physicals). Studies
in health behavioral phenotyping have begun to personalize care based on behavioral trends and prior
responses to health interventions (Jethwani, Kvedar, and Kvedar 2010). Automated algorithms in
the form of robo-advisors now guide the information that is delivered to consumers based on balance
and prior investing experience (e.g., Betterment and Wealthfront). Personalized interventions are
considered promising in drug development (Ginsburg and McCarthy 2001; Schork 2015; Swan
2009); similarly, personalized messaging campaigns may make informational campaigns more

effective. Knowing who is likely to engage with certain kinds of information could improve the
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effectiveness of informational campaigns and avoid exposing people to information they would be
better off not obtaining (in terms of their belief utility) and are unlikely to act on. Information seekers
and avoiders may benefit from different messaging, much like extremely risk-averse investors may

desire different products than do those who are more tolerant of volatility.

With the recent emergence of information avoidance as a central topic in economics and other
disciplines, measuring information preferences in laboratory and field experiments may become
as important as measuring risk and time preferences. We hope that the availability of a valid and

reliable scale to measure individual differences will prove useful to a diverse set of researchers.
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2 The Hidden Cost of Soft Paternalism

2.1 Introduction

In an effort to reduce carbon emissions, governments have traditionally relied on mandates and
financial incentives. Existing policies include fuel efficiency standards for cars, taxes on fuels,
and subsidies for adopting renewable energy sources. More recently, drawing on insights from
psychology, individuals in the United States have begun receiving power bills that compare their
personal energy use to that of their neighbors, which has been shown to decrease energy consumption
(Allcott 2011). Such psychological interventions, or “nudges,” (Thaler and Sunstein 2008) are
often costless to implement, but have a measurable impact on behavior. For example, when a
green energy plan is the default, more people choose to stay enrolled it in than when they have to
explicitly opt-in (Hedlin and Sunstein 2016). Because they do not impose a direct cost or rely on
mandates, nudges often find broader support among the public and among policymakers (Hall et
al. 2018), especially among those who are inherently skeptical of regulation and mandates (Thaler
and Sunstein 2003; Camerer et al. 2003b). Nudges are especially appealing because they are
inexpensive for governments to implement (Benartzi et al. 2017), do not limit the autonomy of those
who choose differently for good reason (Johnson and Goldstein 2003; Madrian and Shea 2001)
and in some domains have had greater impact than standard economic interventions (Bergman and
Rogers 2017; Patel et al. 2016). Ultimately, nudges promise to address major policy problems in a
variety of domains without the costs associated with standard economic policies (Allcott and Rogers
2014; Yoeli et al. 2017; Loewenstein and Chater 2017a; Marteau et al. 2011; Levitt et al. 2016;

Madrian et al. 2017; Thaler and Benartzi 2004; Rogers and Feller, n.d.).

However, nudges may not always be as effective or costless as believed. For example, firms could
in turn nudge consumers toward less environmental (and more profitable) products (Sunstein 2017),
Nudges also fail to overcome economic incentives that primarily drive carbon emissions. To the

extent that nudges do have an effect in the environmental context, influencing one aspect of behavior
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may give people moral license to offset their behavior elsewhere (Meijers et al. 2015). For example,
residents who were successfully nudged to decrease their water consumption increased their use
of electricity compared to control households (Tiefenbeck et al. 2013). Compounding this effect,
a sense of making (a little) progress on reducing emissions can undermine motivation to do more
(Fishbach, Dhar, and Zhang 2006). Indeed, recent findings suggest that merely remembering having
taken more actions to reduce one’s own energy consumption leads to less support for government
action on climate change (Werfel 2017). People may further feel satisfied that a single action to
tackle a problem is sufficient and are hesitant to implement multiple interventions (Weber 1997;
Hansen, Marx, and Weber 2004). Encouraging a particular action can therefore have substantial
negative behavioral spillover (Nash et al. 2017; Thggersen 1999; Truelove et al. 2014). To evaluate
the efficacy of a policy intervention, such behavioral spillovers — both positive and negative — must

be accounted for (Dolan and Galizzi 2015).

We propose another, more pernicious cost: support for an environmental nudge may crowd-out
support for another (more effective, but costlier) environmental policy. Policymakers who want
to be seen as taking action on climate change, and voters who are concerned about the costs of
heavy-handed emission reduction policies, such as carbon taxes, may rely on the nudge as an
alternative rather than the complementary role that nudges ideally serve. The actual or potential
implementation of a nudge may thereby reduce the likelihood that an alternative policy with a bigger
effect will be implemented. This subtle downside of nudges has received attention in commentaries
(Loewenstein and Ubel 2010; Loewenstein and Chater 2017b), and we provide the first experimental

evidence that it indeed occurs with policies aimed at reducing carbon emissions.

The experiments we report had four main objectives. First, we wanted to see whether allowing
participants to implement a green energy nudge in addition to a carbon tax would diminish support
for the tax. While passing a nudge to reduce carbon emissions may be preferable to taking no action,
doing so may be costly if it undermines, rather than complements, more effective interventions.

Second, we tested whether the crowding-out effect applies only to nudges that are also aimed at
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emission reduction or whether nudges undermine support for economic incentives generally. If our
explanation of the nudge as a perceived substitute holds, we should only observe the effect when the
nudge and the tax target the same issue. Third, we investigated whether merely manipulating the
order in which the two policies are presented would reduce support for the tax. That lets us rule out
that our effect is driven by a change in the number of policies available for implementation. This
also allowed us to test whether crowding-out occurs in the opposite direction: that is, whether tax
policies undermine support for nudges, in a test of the single-action bias applied to environmental
policy implementation (Weber 1997; Hansen, Marx, and Weber 2004). Such a bias would predict
that the tax also crowds-out support for the nudge, whereas our explanation predicts no crowding-out
in that direction. To address concerns of generalizability, particularly to groups who may have
different incentives (e.g., because they have some control over which policies get implemented)
we replicate the third study with graduates of a policy school, about half of whom had experience
influencing public policy. Finally, in a fourth study, we explore means of eliminating crowding-out
that also shed light on the mechanism underlying the effect. In all our studies, we further examined
whether crowding-out is more pronounced for some demographic groups, for example those less
supportive of government mandates, those who believe the carbon tax to be less effective, or those
who are more skeptical of the existence of climate change. We find no systematic differences and

report these additional results in the Supplementary Information.

2.2 Experimental Results

2.2.1 Study1

In Studies 1A and 1B, we introduced participants (1A: N =201, 49.75% female, mean age 34.7;
1B: N =800, 56.12% female, mean age 35.69) to a nudge defaulting residential consumers into a
renewable energy plan (Sunstein 2016) and a $40 per ton carbon tax (Interagency Working Group
and others 2013). Participants were randomly assigned to a decision to implement the tax vs. doing

nothing (single implementation), or a decision to implement the tax, the nudge, both, or neither
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Figure 4: Introducing a green energy nudge into the choice set crowds-out support for the carbon
tax (Study 1A). We replicate the findings in Study 1B and show it holds even among those who
would support a more painfully framed carbon tax. Error bars show + one standard error.
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(joint implementation). The difference in support for the carbon tax will serve as our measure of
crowding-out. In Study 1B, we added a second dimension in which we framed the tax as more
painful, making salient higher costs for individuals. This additional manipulation allows us to see
whether crowding-out of support occurs also among those who would be willing to accept a more

painful policy otherwise (i.e., those who are more committed to taking action).

In Study 1A, we find that the carbon tax was perceived as more painful than the green energy
nudge (M, = 2.61, SDyy, = 1.11 vS. Myyuaee = 1.62, SDyyyq0. = 0.85, £(200) = —11.78, p < .001,
using a paired two-sample t-test). For this and all other statistical analyses, we report two-sided
test statistics. Unexpectedly, however, we find no difference in the expected efficacy of the two

policies (M, = 3.16, SDyy, = 1.19 and M40 = 3.23, SDyyuaee = 1.01, £(200) = 0.86, p = .390),
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even though the tax is, in fact, dramatically more effective at reducing carbon emissions. Figure 4
shows the level of support for the carbon tax (or both the tax and the nudge) for both studies. When
participants can implement only the carbon tax, but not the nudge, we find fairly high support for
the tax (70.3%). However, when a green energy nudge becomes available to implement, many fewer
respondents favor implementing either the tax only or both (55%, t(197.23) = 2.26, p = .025).
The “low-pain” framing of the tax in Study 1B replicates these results, with 71.86% and 63.37%
supporting the tax (£(397.85) = 1.82, p = .069). When we frame the tax as more painful, we
observe a decrease in support for the tax compared to the low-pain framing, both without the
nudge (71.86% vs. 45.5%, t(393.33) = 5.54, p < .001) and with the nudge (63.37% vs. 37.69%,
t(398.83) = 5.31, p < .001). However, there is no significant interaction between the framing and
the effect of introducing a nudge (regression analyses for this and subsequent studies shown in the

Supplementary Information).

We find that introducing a green energy nudge crowds-out support for a more effective carbon
tax. Moreover, this effect does not merely displace support among those marginally willing to
implement a policy: even those who would otherwise be open to accepting a painful-sounding

policy are enticed by the less painful nudge.

2.2.2 Study 2

To test whether nudges undermine support for standard policies in general, Study 2 presents
participants in one condition with a nudge outside the climate change domain. We predicted that
only the green energy nudge would crowd-out support for the carbon tax, as the other does not serve
as a potential substitute. This design also addresses the concern that participants may merely be
reluctant to implement two policies (Weber 1997; Hansen, Marx, and Weber 2004) or that the results
are merely an artifact of our particular experimental design. Participants (N = 802, 53.74% female,
mean age 35.54) read about the green energy nudge or instead learned about a nudge defaulting

employees into an employer-sponsored pension plan. They then all read about the painfully framed
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Figure 5: When the nudge tackles a different policy problem than the tax, we observe no crowding-

out. When the policies are related, we replicate the findings from Studies 1A and 1B. Error bars
show =+ one standard error.

Study 2
100%
.Tax Only
.Tax + Nudge
é 75%
o
£
=
)
=
Q 50%
o
E
]
o
o
B 25%
0%

Related Nudge Unrelated Nudge

42



carbon tax policy from Study 1B. In both conditions, half of all participants again could only
implement the carbon tax (vs. nothing) and the other half could implement the tax, the nudge, both,

or nothing.

As before, we find high support for the carbon tax when participants could implement the carbon
tax but not the green energy nudge (45.05% of participants supported the tax when they read
about the green energy nudge and 43.72% when they read about the retirement savings nudge,
t(398.94) = —0.27, p = .789). When we introduced the relevant green energy nudge into the choice
set, we replicate our prior result and find a reduction in support for the tax (26%, t(394.74) = 4.06,
p < .001). When the nudge shown is in the retirement savings domain, however, we find no
similar displacement (44.28%, t(397.97) = —0.11, p = .910). Regressions (see Supplementary
Information) show that there is indeed a significant interaction: crowding-out occurs only when the

two policies are both in the environmental domain (p < 0.001).

2.2.3 Study 3

Our next pair of studies looks at whether merely presenting a nudge prior to a tax can lead to
the same crowding-out. In addition to an environmental policy pair (a green energy nudge and a
carbon tax), we also introduce a pair of policies aimed at promoting retirement savings (a 401(k)
default nudge and an expansion of the social security tax). This allows us to test the robustness of
the effect to a variety of policy pairs. If crowding-out is indeed more general, as we hypothesize,
then it is likely to affect other interventions aimed at reducing carbon emissions and promoting
pro-environmental behavior. Moreover, we extend our results to a novel participant pool: alumni
of a public policy school, many of whom report having experience in policymaking. This allows
us to generalize our finding to a sample of experts who have more informed policy views and

consequently might be less susceptible to being influenced by the availability of a nudge.

In Study 3A, we recruited participants (N = 1208, 55.96% female, mean age 36.19) and randomly

assigned them to conditions in a between-subjects 223 design. Participants were presented either
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Figure 6: When participants make sequential implementation decisions, choosing whether to
implement the nudge first reduces support for the tax similarly to the joint implementation decision
previously (Study 3A). Our findings replicate with a sample trained in public policy (Study 3B)
and occur in both the environment and retirement domains (3A and 3B). Error bars show 4 one
standard error.
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with the green energy nudge and the low-pain carbon tax from Study 1 (“Environment”) or a 401(k)
savings default nudge and an expansion of social security (“Retirement”). On the second dimension,
we varied whether participants first learned about the nudge and got the choice to implement it
before doing the same with the tax (“Nudge First”); vice versa (“Tax First”); or learned about both
policies before having the opportunity to implement either one, both, or neither as in our previous
studies (“Joint Implementation”). We preregistered the study design, hypotheses, and analyses on

AsPredicted.org.

The left panel of Figure 6 shows the fraction of participants who supported implementing the tax in

the two domains. Beginning with the environmental domain, we observe that support is greatest
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when the decision to implement the tax was offered first (60.89%) and drops when participants
could first implement the nudge (42.51%, t(406.95) = 3.77, p < .001) and when they made
both decisions simultaneously (45.27%, t(400.75) = 3.17, p = .002). We observe no difference
between the “Nudge First” and the “Joint Implementation” decision (¢(405.46) = 0.56, p = .575),
suggesting that our findings are not merely a result of asking about two policies at once. The results
are similar in the retirement domain, suggesting this is not specific to the selected pair of policies
either. Again, we see the most support for expanding social security when the choice was offered
first (59.2%), compared to when the nudge could be implemented first (41%, t(398.99) = 3.70,
p < .001) or when the decision for the two policies was made jointly (42.64%, t(395.72) = 3.34,
p = .001). Here, too, we observe no difference between the last two conditions (£(394.83) = 0.33,

p=.741).

To rule out that respondents were merely averse to implementing two policies on one issue (single-
action bias), we look at support for the nudge and find no change across experimental conditions
(Environment: 75% support, F'(2,607) = 0.45, MSE = 0.12, p = .640; Retirement: 75% support,
F(2,595) = 0.59, MSE = 0.19, p = .553).

For Study 3B, we recruited alumni of a public policy school (N = 641, 46.8% female, mean age
46.9). The sample is highly educated (87.99% have a Master’s Degree and 11.86% have a PhD)
and 54.13% report holding or having held a position in which they influenced public policy. We

preregistered the study design, hypotheses, and analyses on AsPredicted.org.

As with our Mechanical Turk sample, we find that respondents in our study thought the carbon tax
was more painful than the green energy nudge (M, = 2.69, SDy, = 1 v8. M40 = 1.59, SD a0 =
0.83, £(620.43) = —15.10, p < .001) and the social security expansion more painful than a 401 (k)
nudge (M4, = 2.44, SDy4x = 1.02, vS. Myygge = 1.53, SDpygge = 0.83, 1(610.57) = —12.40, p < .001).
Curiously, we find that this sample believed the carbon tax to be even less effective than the green
energy nudge (M, = 2.96, SDy, = 1.05, vS. M40 = 3.12, SDyyuaqe = 0.94, 1(631.90) = 2.06,

p = .040) and that they believed an expansion of social security to be less effective than the 401(k)

45



savings nudge in promoting retirement savings (M., = 2.94, SD,, = 1.28, vS. Myya0e = 3.27, SDpyage

=0.98, £(596.54) = 3.74, p < .001).

The right panel of Figure 6 shows the fraction of participants who supported implementing either
the carbon tax (“Environment”) or expanding the social security tax (‘“Retirement”). When the
tax was presented first, we see greater support for its implementation in both the environmental
domain (76.25% vs 59.01%, t(313.08) = —3.35, p = .001) and in the retirement domain (64.43%
vs 54.39%, t(314.91) = —1.83, p = .068), although it only reaches the usual level of significance
in the former. If we look separately at the subset of participants who report applied policymaking
experience, we observe the same findings as in the full sample of participants reported here (see

Supplementary Information).

2.24 Study4

Finally, in Study 4 we look at two potential mechanisms that could lead to crowding-out. People
might believe the nudge to be more effective than it is, or they might be motivated to avoid a painful
tax. In the “Tax First” condition, we ask participants about their support for the carbon tax, followed
by their support for the green energy nudge. The three remaining conditions ask about the nudge
first, either providing no additional information (“Nudge First”), highlighting that only a small
proportion of people are nudged by a green energy default and most carbon emissions are due to
other sources (“Nudge Ineffective”), or making the tax less costly by highlighting that revenue can be
used to offset other taxes (“Tax Attractive”). Figure 7 shows, in the left panel, support for the carbon
tax, which declines from 69% to 62% when we change the ordering of the policies from tax first
to nudge first, although this difference is not statistically significant (#(387.36) = 1.53, p = .126).
Asking about the nudge first, but highlighting its effect size, increases support compared to omitting
that information (71%, t(385.69) = —1.99, p = .047); as does highlighting that other taxes could
be lowered to offset the additional costs (73%, t(378.00) = —2.36, p = .019). As before, we

observe no difference in support for the nudge across conditions (£'(3,794) = 1.30, MSE = 0.16,
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Figure 7: Support for implementing the carbon tax and the green energy default nudge by condition.
Being explicit about the nudge’s effect size eliminates crowding-out on the tax, but does not diminish
support for the nudge. The same holds when increasing the attractiveness of the nudge. Error bars
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p = .272). Notably, adding information about the effect size to the nudge does not diminish support

compared to omitting that information (79% and 79%, respectively, ¢(394.35) = 0.59, p = .556)

2.3 Discussion

Across our six studies, we found that support for a carbon tax can decline when a green energy
nudge, a much less effective but also less painful policy, is introduced. We find no consistent
heterogeneous treatment effects that would suggest such crowding-out is more pronounced for those
more opposed to government intervention, less certain that climate change is occurring, or who

believe the nudge to be more effective than the other policy (see Supplementary Information).
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What accounts for the crowding-out effect of nudges on more substantive policies? We believe that
the account which best fits the data just presented is that while people are, generally, concerned
about societal problems such as climate change, they may not be willing to incur large costs to
achieve a solution. Introducing a nudge raises the possibility of a low-cost solution, and people may
then engage in motivated reasoning to exaggerate the effectiveness of this tempting alternative and
focus solely on the (economic) cost-effectiveness of the intervention, disregarding the magnitude of
the policy’s true environmental impact. This may explain why, on average, participants thought
the nudge was as or more effective at reducing pollution than the carbon tax. Moreover, even those
who (rightfully) believed the carbon tax to be more effective than the green energy nudge were
equally discouraged from implementing the tax when a nudge became available, suggesting that
crowding-out is not merely the result of incorrect perception of relative effectiveness. When these
perceptions are corrected at the time of decision, however, motivated reasoning becomes more

difficult and indeed crowding-out disappears.

The effects documented in these studies are, very likely, more general and not restricted to the
domains of climate change and retirement savings, or to nudges and more substantive policies. The
possibility of introducing an information campaign to educate people about how they can personally
cut their emissions, for example, might be perceived as even less invasive than a green energy nudge

and crowd-out support for the latter (Davidai and Shafir 2018).

Our studies presented respondents with hypothetical decisions, and elicited their support for policies
using subjective measures. Although we find our effect even among those with training in public
policy and among a subset of responders with experience in policymaking, we cannot know whether
the effects documented in our research will ultimately have an impact in the legislative or regulatory
processes involved in crafting and implementing environmental regulation. However, as Reisch and
Sunstein write, “public officials are inevitably responsive to what people think,’(p. 311 Reisch and
Sunstein 2016) and to that extent, reduced support for a carbon tax among voters may indeed make

it less likely to be implemented. We further show in Study S1 that crowding-out occurs not only in
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an implementation decision, but also in reported favorability of a policy: When respondents were
first asked how favorably they viewed a green energy nudge, they subsequently viewed the carbon
tax less favorably. Such a question may naturally be asked in opinion polls and shape the agenda of

public officials.

In an ideal world, we could tackle climate change with both nudges and more heavy-handed
interventions. However, as our results suggest, an effort to actively promote all available tools may
have the unintended consequence of reducing the likelihood that the most effective policies will be
implemented. Downplaying the impact of nudges appears to resolve this issue without undermining

support for nudges themselves.

2.4 Methods

2.4.1 Studies 1A and 1B

Experimental materials for all studies are presented in the online appendix.

In Study 1A, we recruited 201 participants via Amazon Mechanical Turk for a “Study on Decision
Making” that was expected to take 5 minutes to complete and offered a fixed payment of 50 cents.
We began by asking participants whether they agreed that global average temperatures had been
increasing over the past 50 years (independent of the cause) and, for all but those who strongly

disagreed, we asked whether they believed human activity to be the primary cause.

We next presented them with a brief description explaining default nudges. Participants were
informed that mandating a default can lead to an option being chosen more frequently, without
prohibiting people from choosing differently. We then introduced them to the green energy nudge,
using the description from previous work examining attitudes toward this nudge.(Sunstein 2016)
Participants then rated how effective they believed the policy to be at reducing pollution and carbon
emission on a 5-point Likert scale from “Not effective at all” to “Extremely effective.” On the same

screen, they also rated how painful they thought the policy would be for someone like them, on a

49



S-point Likert scale from “Not painful at all” to “Extremely painful”. Next, we introduced them to
a $40/ton carbon tax that would be levied on companies and individuals. This tax was described as
capturing the economic costs of carbon emissions.(Interagency Working Group and others 2013)

Participants then evaluated this policy on the same two dimensions as the nudge.

We then randomly assigned participants to one of two conditions. In the “Tax Only” condition,
participants imagining themselves in the role of a policymaker were asked to choose whether to
implement the carbon tax policy. They were told that the alternative, if the policy is not implemented,
is that no other policy would be implemented. They could then choose to implement the tax or
not implement the tax. In the “Tax and Nudge” condition, participants were also asked to imagine
themselves as policymakers. However, they had more choices: they could implement the tax,
the nudge, both, or neither. They were also told that if neither of the policies were implemented,
no other policy would be passed in their place. The survey concluded with basic demographic

questions: gender, age, ethnicity, education, and political orientation.

In Study 1B, we recruited 800 new participants via Amazon Mechanical Turk for a five minute
study on decision making that paid 50 cents. Participants were randomly assigned to one of four
conditions: “Low Pain, Tax Only,” “Low Pain, Tax and Nudge,” “High Pain, Tax Only,” and “High
Pain, Tax and Nudge.” The two “Low Pain” conditions were identical to the two conditions reported
in Study 1A and are direct replications. The two “High Pain” conditions differed in that they
included additional descriptive information about the carbon tax conveying the cost to consumers.
In particular, for those in the high cost condition, we point out that this policy would substantially
raise the price not just on transportation, but also on heating and air conditioning, on electricity, and

on other goods and activities.

2.4.2 Study 2

We recruited 802 participants from Amazon Mechanical Turk for a five minute study on decision

making in exchange for a fixed payment of 50 cents. When participants entered the survey, they
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were informed that they would be asked to evaluate two policies aimed at addressing longstanding
problems. Half the participants were then randomly assigned to the ‘“Related Nudge” condition.
They first read about the green energy nudge from Study 1A, in which the government would
require large electricity providers to enroll consumers into plans with environmentally friendly
energy suppliers; but noting that consumers could opt-out if they wished. We then asked them to
evaluate how effective the policy would be if it were implemented and how painful it would be for
someone like them. Both responses were reported on a 5-point Likert scale from “Not effective
(painful) at all” to “Extremely effective (painful).” The other participants were assigned to the
“Unrelated Nudge” condition and instead read about a retirement nudge in which large employers
would be required to enroll employees into a pension plan, but would allow them to opt out if they
wished.(Sunstein 2016) They, too, evaluated these policies according to their effectiveness and

painfulness.

Next, all participants read about the same carbon tax policy: a $40/ton tax. We used the “High Pain”
phrasing from Study 1B, noting that the policy would substantially raise the price on transportation,
on heating and air conditioning, on electricity, and on other goods and activities. Participants
evaluated this policy, too, on the effectiveness and painfulness dimensions. Finally, participants
were asked to imagine themselves as a policymaker and were given a decision to implement a policy.
In the “Tax Only” condition, we asked them if they wanted to implement the carbon tax. We noted
that no other policy would be passed if they decided not to do so. In the “Tax and Nudge” condition,
we offered them four choices: implement the carbon tax only, implement the nudge only, implement
both the tax and the nudge, or implement neither the tax nor the nudge. Which nudge participants
got to implement depended on which one they had randomly been assigned to read about: either the

green energy nudge or the retirement savings nudge.
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24.3 Study 3A

In Study 3A, we recruited 1208 participants and randomly assigned them to conditions in a 223
between-subjects design. On the first dimension, we vary whether participants face policies in the
domain of climate change (“Environment”) or retirement savings (‘“Retirement”). In all conditions,
participants were asked to evaluate on 5-point Likert scales how effective and how painful each of

two policies would be (from “not at all” to “very”).

In the “Environment” domain, we began by introducing the threat of climate change and told
participants that they would be asked to evaluate two policies aimed at combating it. The two
policies were the green energy nudge (identical to previous studies) and a carbon tax. For the tax,
we used the framing from Study 1A and, identically, the “Low Pain” condition of Study 1B. In the
“Tax First” condition, participants began by evaluating the carbon tax, then made a decision about
whether or not to implement it. They then were presented with the green energy nudge and, after
evaluating it, were asked about whether or not they would implement that policy. In the “Nudge
First” condition, we reversed the order: participants first decided whether to implement the nudge,
then made the decision about the tax. Finally, the “Joint Implementation” condition matches our
previous design: participants first read about the nudge, then about the tax, and only at the end got

to decide which of the policies, if any, to implement.

In the “Retirement” domain, we introduced the problem of undersaving and told participants that
they would be asked to evaluate two policies that may increase the income people have available in
retirement. In the “Tax First” condition, participants evaluated an expansion of social security. The
program would increase contribution rates for employees and employers, but would also increase
benefits and eliminate uncertainties about the availability of future benefits. They then read about
a 401(k) savings nudge, in which large employers would be required to enroll workers into a
retirement plan and contribute 8% of their income by default. Employees would have the option to
change the savings rate or opt-out entirely. In the “Nudge First” condition, we reversed the order

in which the two policies were presented: participants first read about (and got to implement) the
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401(k) savings nudge, then read about (and got to implement) the expansion of the social security
program. Finally, in the “Joint Implementation” decision, participants read about and evaluated first
the 401(k) savings nudge, then the expansion of social security, and only at the end had the option

to implement one of the policies, both, or neither.

We concluded the survey with basic demographic questions from the previous studies (gender, age,
ethnicity, education, and political affiliation). The experimental design, sample size, hypotheses,
and planned analyses were preregistered on AsPredicted.org #5424. A link to this preregistration

report will be available in the publication version of this paper.

2.4.4 Study 3B

For Study 3B, we recruit a sample of participants with training in public policy. We contacted all
4,455 alumni of the Heinz College of Public Policy at Carnegie Mellon University whose email
addresses were on file with the alumni office. Of those contacted, 835 clicked on the link in the
email and 641 completed the survey. The average age was 46.9 and 53.2% were male. The sample
was highly educated: 87.99% had a Master’s Degree, 11.86% a doctorate, and 41.34% had taken a

graduate-level behavioral economics class.

Our respondents are also actively involved in the shaping of public policy: 54.13% stated that their
current or past roles involved public policy either directly or indirectly. We refer to this subgroup as
“policymakers” and perform all our analyses separately on them as an additional robustness check.
Within this sample of policymakers, the average age was 45.75 and 58.79% were male. Among
policymakers, 83.57% obtained Master’s Degrees, 16.14% obtained doctorates, and 42.65% had

taken a graduate-level behavioral economics class.

The design follows closely that of Study 3A, and aimed to replicate its findings with a more informed
sample. However, as we did not want to risk being underpowered on our main comparison of
interest, we dropped the “Joint Implementation” condition, leaving the “Tax First” and “Nudge

First” conditions. Moreover, participants saw a tax and a nudge in each of the two policy domains
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(Environment and Retirement). We randomized between-subjects the order in which the policies
and the domains were presented, using a Latin Square design. Those who first saw the tax and
then the nudge in the first domain subsequently first saw the nudge, followed by the tax, in the
second domain. This allows us to test for spillover across domains, where the decision to implement
policies in the retirement domain might allow them to anticipate the policies they will face in the
environmental domain, and vice versa. Absent spillover, we could collapse across the domain
ordering and increase our sample size. In addition to analyzing the full sample of respondents, we
perform separate analyses on the subset of respondents who reported being directly involved in

shaping public policy.

In both the domains of climate change and retirement savings, participants read about two kinds
of policies: taxes and default nudges. In the environmental domain, the standard policy imposes a
carbon tax on companies based on how much emissions they create, which in turn raises the price of
goods. The nudge consists of a mandate on large energy providers to automatically enroll consumers
into a green power plan, though consumers can elect to opt-out if they wish. The standard economic
policy for retirement savings consisted of an increase in the social security tax for both employees
and employers, along with a commensurate increase in social security benefits. The corresponding
nudge was a mandate for employers to enroll workers into contributing 8% of their salary into a

401(k) plan, but allowing workers to opt-out or change their allocation.

After reading about each of the four policies, participants were asked how effective the policy would
be at increasing retirement savings or reducing pollution and mitigating CO, emissions, and whether
they wished to implement the policy. They then proceeded to the next policy. The survey concluded
with demographic questions. The study and analyses, including the test for spillover across the
two domains and the subgroup analysis for policymakers, were preregistered on AsPredicted.org
#5624. The preregistration report mistakenly notes that we had already collected some data, which
is inaccurate; the timestamp of the preregistration report precedes the distribution of emails by two

days.
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2.4.5 Study 4

We recruit participants from Amazon Mechanical Turk for a five minute study in exchange for a 50
cent fixed payment. We targeted a sample of 800 people who passed an attention check included
at the end of the experiment. After recruiting 954 participants, we ended up with 798 participants
who passed. The sample size, exclusion criteria, along with the following experimental design,

hypotheses, and analyses were pre-registered on AsPredicted #15694.

We began by introducing all participants to the threat of climate change and the effect of pollution
on premature deaths. Next, participants read that they would be asked to evaluate two policies
that governments might considered to combat pollution and global climate change. We then
randomly assigned them to one of four between-subjects conditions. In the “Tax First” condition,
participants read about the $40/ton carbon tax from the previous study and rated it on effectiveness
and painfulness (again on a 5-point Likert scale from “Not at all” to “Very”). On the next screen,
they were then asked if they would vote to implement the carbon tax (using the low-pain framing
from Study 1A and Studies 3A and 3B). Independent of their answer, they were then presented with
the green energy nudge, also identical to the previous experiments. Similarly, they evaluated it on

effectiveness and painfulness and stated whether they would vote to implement it.

The experimental survey then asked a series of demographic questions: gender, age, ethnicity,
education, political affiliation and political orientation. We also asked participants how they believe
their carbon emissions compared to the average household (more, less, or the same) and which one
of four statements most closely reflected their views on climate change. They could express that
climate change was primarily caused by human activity and governments should take measures
to reduce emissions; primarily caused by human activity, but actions to reduce should be left to
individuals; primarily caused by natural factors, but governments should take measures to reduce
emissions; and primarily caused by natural factors and governments should not take measures to
reduce emissions. We did not preregister any hypotheses related to these questions, but collected

the responses for descriptive purposes.
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Participants in the “Nudge First” condition faced a survey that was identical except in that they
first evaluated the green energy nudge, then the carbon tax. The remaining two conditions, “Nudge
Ineffective” and “Tax Attractive,” followed the same order as the “Nudge First” condition. However,
those two conditions received additional information. In the “Nudge Ineffective” condition, we told
participants that green energy nudges have been found to only shift a fraction of the population
toward green energy, that residential electricity use is responsible for only a small part of carbon
emissions, and that the policy would hence have very little impact on emissions. This information

was truthful.(Hedlin and Sunstein 2016)

In the “Tax Attractive” condition, we instead provided more information about the carbon tax. We
told participants that British Columbia had implemented a similar tax and uses part of the revenue to
lower income taxes. We further highlighted that revenue could be used to lower other taxes and fund
projects we thought would be appealing to participants. Moreover, we noted that a previous ballot
initiative in Washington would have returned the revenue to residents, which would lead households

that emit less carbon than average to receive a greater rebate than what they paid in taxes.

The survey concluded with an attention check. We first showed participants an image of a bell
pepper and asked them what they saw in the image. Anyone whose response included the word
“pepper” was marked as having passed the attention check. We then asked participants to write the
date “08/06/2018” in words. We treat anyone whose response included the word “August” as having

passed the attention check.

2.5 Ethical Approval

For all studies, we obtained ethical approval from the internal review board at Carnegie Mellon
University and complied with all relevant ethical regulations for research with human participants.

None of our studies involved deception.
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2.6 Data Availability

The raw data from all our experiments and statistical code for all analyses and figures reported in
the paper and the supplementary analyses will be available via Github and as an R library on CRAN

following publication of the paper.
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3 Warning: You Are About to be Nudged

3.1 Introduction

Nudging people toward particular decisions by presenting one option as the default can influence
important life choices. If a form enrolls employees in retirement savings plans by default unless they
opt out, people are much more likely to contribute to the plan (Madrian and Shea 2001). Likewise,
making organ donation the default option rather than just an opt-in choice dramatically increases
rates of donation (Johnson and Goldstein 2003). The same principle holds for other major decisions,
including choices about purchasing insurance and taking steps to protect personal data (Johnson
et al. 1993; Acquisti, John, and Loewenstein 2013). Decisions about end-of-life medical care are
similarly susceptible to the effects of defaults. Two studies found that default options had powerful
effects on the end-of life choices of participants preparing hypothetical advance directives. One
involved student respondents, and the other involved elderly outpatients (Kressel and Chapman
2007; Kressel, Chapman, and Leventhal 2007). In a more recent study, defaults also proved robust

when seriously ill patients completed real advance directives (Halpern et al. 2013).

The use of such defaults or other behavioral nudges (Thaler and Sunstein 2008) has raised serious
ethical concerns, however. The House of Lords Behaviour Change report produced in the United
Kingdom in 2011 contains one of the most significant critiques (House of Lords 2011). It argued
that the “extent to which an intervention is covert” should be one of the main criteria for judging if
a nudge is defensible. The report considered two ways to disclose default interventions: directly or
by ensuring that a perceptive person could discern a nudge is in play. While acknowledging that the
former would be preferable from a purely ethical perspective, the report concluded that the latter
should be adequate, “especially as this fuller sort of transparency might limit the effectiveness of
the intervention.” Philosopher Luc Bovens in “The Ethics of Nudge” noted that default options
“typically work best in the dark (Bovens 2009).” Bovens observed the lack of disclosure in a study in

which healthy foods were introduced at a school cafeteria with no explanation, prompting students
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to eat fewer unhealthy foods. The same lack of transparency existed during the rollout of the Save
More Tomorrow program, which gave workers the option of precommitting themselves to increase

their savings rate as their income rose in the future. Bovens noted,

If we tell students that the order of the food in the Cafeteria is rearranged for dietary
purposes, then the intervention may be less successful. If we explain the endowment
effect [the tendency for people to value amenities more when giving them up than when

acquiring them] to employees, they may be less inclined to Save More Tomorrow.

When we embarked on our research into the impact of disclosing nudges, we understood that alerting
people about defaults could make them feel that they were being manipulated. Social psychology
research has found that people tend to resist threats to their freedom to choose, a phenomenon
known as psychological reactance (Wortman and Brehm 1975). Thus, it is reasonable to think,
as both the House of Lords report and Bovens asserted, that people would deliberately resist the
influence of defaults (if informed ahead of time, or preinformed) or try to undo their influence
(if told after the fact, or postinformed). Such a reaction to disclosure might well reduce or even
eliminate the influence of nudges. But our findings challenge the idea that fuller transparency
substantially harms the effectiveness of defaults. If what we found is confirmed in broader contexts,
fuller disclosure of a nudge could potentially be achieved with little or no negative impact on the
effectiveness of the intervention. That could have significant practical applications for policymakers
trying to help people make choices that are in their and society’s long-term interests while disclosing

the presence of nudges.

3.2 Testing Effects from Disclosing Defaults

We explored the impact of disclosing nudges in a study of individual choices on hypothetical advance
directives, documents that enable people to express their preferences for medical treatment for times
when they are near death and too ill to express their wishes. Participants completed hypothetical

advance directives by stating their overall goals for end-of-life care and their preferences for
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specific life-prolonging measures such as cardiopulmonary resuscitation and feeding tube insertion.
Participants were randomly assigned to receive a version of an advance directive form on which
the default options favored either prolonging life or minimizing discomfort. For both defaults,
participants were further randomly assigned to be informed about the defaults either before or
after completing the form. Next, they were allowed to change their decisions using forms with no
defaults included. The design of the study enabled us to assess the effects of participants’ awareness

of defaults on end-of-life decisionmaking.

We recognize that the hypothetical nature of the advance directive in our study may raise questions
about how a similar process would play out in the real world. However, recent research by two of
the current authors and their colleagues examined the impact of defaults on real advance directives
(Halpern et al. 2013) and obtained results similar to prior work on the topic examining hypothetical
choices (Kressel and Chapman 2007; Kressel, Chapman, and Leventhal 2007). All of these studies
found that the defaults provided on advance directive forms had a major impact on the final choices
reached by respondents. Just as the question of whether defaults could influence the choices
made in advance directives was initially tested in hypothetical tasks, we test first in a hypothetical
setting whether alerting participants to the default diminishes its impact. To examine the effects of
disclosing the presence of defaults, we recruited via e-mail 758 participants (out of 4,872 people
contacted) who were either alumni of Carnegie Mellon University or New York Times readers who
had consented to be contacted for research. Respondents were not paid for participating. Although
not a representative sample of the general population, the 1,027 people who participated included
a large proportion of older individuals for whom the issues posed by the study are salient. The
mean age for both samples was about 50 years, an age when end-of-life care tends to become more
relevant. (Detailed descriptions of the methods and analysis used in this research are published in

the Appendix.)

Our sample populations are more educated than the U.S. population as a whole, which reduces the

extent to which we can generalize the results to the wider population. However, the study provides
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information about whether the decisions of a highly educated and presumably commensurately
deliberative group are changed by their awareness of being defaulted, that is, having the default
options selected for them should they not take action to change them. Prior research has documented
larger default effects for individuals of lower socioeconomic status (Madrian and Shea 2001; Haisley
et al., n.d.) which suggests that the default effects we observe would likely be larger in a less

educated population.

3.3 Obtaining End-of-Life Preferences

Participants completed an online hypothetical advance directive form. First, they were asked to

indicate their broad goals for end-of-life care by selecting one of the following options:

* [ want my health care providers and agent to pursue treatments that help me to live as long as
possible, even if that means I might have more pain or suffering.

* [ want my health care providers and agent to pursue treatments that help relieve my pain and
suffering, even if that means I might not live as long.

* 1 do not want to specify one of the above goals. My health care providers and agent may

direct the overall goals of my care.

Next, participants expressed their preferences regarding five specific medical life-prolonging in-
terventions. For each question, participants expressed a preference for pursuing the treatment (the
prolong option), declining it (the comfort option), or leaving the decision to a family member or

other designated person (the no-choice option). The specific interventions included the following:

* cardiopulmonary resuscitation, described as "manual chest compressions performed to restore
blood circulation and breathing";

* dialysis (kidney filtration by machine);

* feeding tube insertion, described as "devices used to provide nutrition to patients who cannot

swallow, inserted either through the nose and esophagus into the stomach or directly into the
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Table 6: Experimental design.

Group 1: Group 2: Group 3: Group 4:
Comfort Comfort Prolong Prolong
preinformed postinformed preinformed postinformed
Disclosure Disclosure

Choice 1 with

Choice 1 with

Choice 1 with

Choice 1 with

Comfort default Comfort default Prolong default Prolong default

Disclosure Disclosure
Choice 2 with Choice 2 with Choice 2 with Choice 2 with
No default No default No default No default

stomach through the belly";

* intensive care unit admission, described as a "hospital unit that provides specialized equipment,
services, and monitoring for critically ill patients, such as higher staffing-to-patient ratios and
ventilator support"; and

* mechanical ventilator use, described as "machines that assist spontaneous breathing, often

using either a mask or a breathing tube."

The advance directive forms that participants completed randomly defaulted them into either
accepting or rejecting each of the life-prolonging treatments. Those preinformed about the use of

defaults were told before filling out the form; those postinformed learned after completing the form.

One reason that defaults can have an effect is that they are sometimes interpreted as implicit
recommendations (Johnson and Goldstein 2003, 2004; Halpern, Ubel, and Asch 2007; McKenzie,
Liersch, and Finkelstein 2006). This is unlikely in our study, because both groups were informed
that other study participants had been provided with forms populated with an alternative default.
This disclosure also rules out the possibility that respondents attached different meanings to opting
into or out of the life-extending measures (for example, donating organs is seen as more altruistic
in countries in which citizens must opt in to donate than in countries in which citizens must opt

out of donation, Davidai, Gilovich, and Ross 2012) or the possibility that the default would be
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perceived as a social norm (that is, a standard of desirable or common behavior). After completing
the advance directive a first time (either with or without being informed about the default at the
outset), both groups were then asked to complete the advance directive again, this time with no

defaults. Responses to this second elicitation provide a conservative test of the impact of defaults.

Defaults can influence choices if people do not wish to exert effort or are otherwise unmotivated
to change their responses. Requiring people to complete a second advance directive substantially
reduces marginal switching costs (that is, the additional effort required to switch) when compared
with a traditional default structure in which people only have to respond if they want to reject the
default. In our two-stage setup, participants have already engaged in the fixed cost (that is, expended
the initial effort) of entering a new response, so the marginal cost of changing their response should
be lower. The fact that the second advance directive did not include any defaults means that the
only effect we captured is a carryover from the defaults participants were given in the first version
they completed. In sum, the experiment required participants to make a first set of advance directive
decisions in which a default had been indicated and then a second set of decisions in which no

default had been indicated.

Participants were randomly assigned into one of four groups in which they were either preinformed
or postinformed that they had been assigned either a prolong default or a comfort default for their
first choice, as depicted in Table 6. The disclosure on defaults for the preinformed group read as

follows:

The specific focus of this research is on “defaults”—decisions that go into effect if
people don’t take actions to do something different. Participants in this research project
have been divided into two experimental groups. If you have been assigned to one
group, the Advance Directive you complete will have answers to questions checked
that will direct health care providers to help relieve pain and suffering even it means not
living as long. If you want to choose different options, you will be asked to check off a

different option and place your initials beside the different option you select. If you
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have been assigned to the other group, the Advance Directive you complete will have
answers to questions checked that will direct health care providers to prolong your life

as much as possible, even if it means you may experience greater pain and suffering.

The disclosure for the postinformed group was the same, except that participants in this group were

told that that they had been defaulted rather than would be defaulted.

3.4 Capturing Effects from Disclosing Nudges

A detailed description of the results and our analyses of those data are available in the Appendix.
Here we summarize our most pertinent findings, which are presented numerically in Table 7
and depicted visually in Figures 8 and 9. Participants showed an overwhelming preference for
minimizing discomfort at the end of life rather than prolonging life, especially for the general
directives (see Figure 8). When the question was posed in general terms, more than 75% of
responses reflected this general goal in all experimental conditions and both choice stages. By
comparison, less than 15% of responses selected the goal of prolonging life, with the remaining

participants leaving that decision to someone else.

Preferences for comfort in the general directive were so fixed that they were not affected by defaults
or disclosure of defaults (that is, choices did not differ by condition in Figure 8). We note that
these results differ from recent work using real advance directives (Halpern et al. 2013) in which
defaults had a large impact on participants’ general goals. One possible explanation is that the
highly educated respondents in our study had more definitive preferences about end-of-life care

than did the less educated population from the earlier article.

Unlike the results for general directives, defaults for specific treatments, when the participant is
only informed after the fact, are effective (see Figure 9A). We could observe this after averaging
across the five specific interventions that participants considered: On this combined measure, 46.9%

of participants who were given the comfort default (but not informed about it in advance) expressed
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Figure 8: The impact of defaults on overall goal for care.
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Table 7: Percentage choosing goal and treatment options by stage, default, and condition.

Choice 1
Comfort default Prolong default
Question Choice Pre-informed Post-informed Pre-informed Post-informed
Choose comfort 81.6% 81.7% 80.5% 78.2%
Overall goal Do not choose 12.8% 12.5% 7.5% 16.1%
Choose prolong 5.6% 5.8% 12.0% 5.6%
Average of Choose comfort 50.7% 46.9% 41.2% 30.2%
5 specific Do not choose 22.4% 28.2% 20.9% 28.2%
treatments Choose prolong 26.9% 24.2% 37.9% 41.6%
Choice 2
Comfort default Prolong default
Question Choice Pre-informed Post-informed Pre-informed Post-informed
Choose comfort 76.0% 76.9% 79.7% 79.8%
Overall goal ~ Do not choose 12.8% 15.4% 7.5% 14.5%
Choose prolong 11.2% 7.7% 12.8% 5.6%
Average of Choose comfort 53.8% 47.3% 45.4% 36.3%
5 specific Do not choose 24.6% 30.4% 22.1% 26.6%
treatments Choose prolong 21.6% 22.3% 32.5% 37.1%

a preference for comfort. By comparison, only 30.2% of those given the prolong default (again with
no warning about defaults) expressed a preference for comfort (a difference of 17 percentage points,

or 36% [17/46.9]).

The main purpose of the study was to examine the impact on nudge effectiveness of informing
people that they were being nudged, a question that is best addressed by analyzing the effects of
preinforming people about directive choices. Figure 9B presents the impact of the default when
people were preinformed. As can be seen in the figure, preinforming people about defaults weakened
but did not wipe out their effectiveness. When participants completed the advance directive after
being informed about the impact of the defaults, 50.7% of participants given the comfort default
expressed a preference for comfort, compared with only 41.2% of those given the prolong life
default (a difference of 10 percentage points, or 19%). Although all specific treatment choices
were affected by the default in the predicted direction, the effect is statistically significant only
for a single item (dialysis) and for the average of all five items (see the Appendix). Preinforming

participants about the default may have weakened its impact, but did not eliminate the default’s

66



Figure 9: The impact of defaults on responses to specific treatments.
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effect.

Postinforming people that they have been defaulted and then asking them to choose again in a
neutral way, with no further nudge, produces a substantial default effect that is not much smaller
than the standard default effect, as seen in Figure 9C. When participants completed the advance
directive a second time (this time without a default), having been informed after the fact that they
had been defaulted, 47.3% of participants given the comfort default expressed a preference for
comfort, compared with only 36.3% of those given the prolong life default (a difference of 11
percentage points, or 23%). Again, postinforming participants about the default and allowing them

to change their decision may have weakened its impact, but did not eliminate the default’s effect.

These results are important because they suggest that either a preinforming or a postinforming strat-
egy can be effective in both disclosing the presence of a nudge and preserving its effectiveness. In
addition, the results provide a conservative estimate of the power of defaults because all respondents
who were informed at either stage had, by the second stage, been informed both that they had been
randomly selected to be defaulted and that others had been randomly selected to receive alternative
defaults. In addition, the second-stage advance directives did not include defaults, so any effect of
defaults reflects a carryover effect from the first-stage choice. (More detailed analysis of our results

and more information listed by specific treatments are available in the Appendix.)

3.5 Defaults Survive Transparency

Despite extensive research questioning whether advance directives have the intended effect of
improving quality of end-of-life care (Connors et al. 1995; Fagerlin and Schneider 2004) they
continue to be one of the few and major tools that exist to promote this goal. Combining advance
directives with default options could steer people toward the types of comfort options for end-of-life
care that many experts recommend and that many people desire for themselves. This study suggests
such defaults can be transparently implemented, addressing the concerns of many ethicists without

losing defaults’ effectiveness.

68



More broadly, our findings demonstrate that default options are a category of nudges that can have
an effect even when people are aware that they are in play. Our results are conservative in two ways.
First, not only were respondents informed that they were about to be or had been defaulted, but
they also learned that other participants received different defaults, thereby eliminating any implicit
recommendation in the default. Given that the nudge continued to have an impact, we can only
conjecture that the default effect would have been even more persistent if the warning informed
them that they had been defaulted deliberately to the choice that policymakers believe is the best

option.

Second, our results are conservative in the sense that the second advance directive that participants
completed contained no defaults, so the effect of the initial default had to carry over to the second
choice. Our experimental design minimized the added cost of switching: Regardless of whether
they wanted to switch, respondents had to provide a second set of responses. Presumably, the
impact of the initial default would have been even stronger if switching had required more effort for

respondents than sticking with their original response.

What exactly produced the carryover effect remains uncertain. It is possible, and perhaps most
interesting, that the prior default led respondents to think about the choice in a different way,
specifically in a way that reinforced the rationality of the default they were presented with (consistent
with Davidai, Gilovich, and Ross 2012). It is, however, also possible that the respondents were

mentally lazy and declined to exert effort to reconsider their previous decisions.

Although the switching costs in our study design were small, such costs may explain why we
observed default effects for the specific items but not for the overall goal for care. If respondents
were sufficiently concerned about representing their preferences accurately for their overall goal
item, they may have been willing to engage in the mental effort to overcome the effect of the default.
Finally, it is possible that the carryover from the defaults of stage 1 to the (default-free) responses in
stage 2 reflected a desire for consistency (Falk and Zimmermann 2013). If so, then carryover effects

would be weaker in real-world contexts involving important decisions. If the practice of informing
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people that they were being defaulted became widespread, moreover, it is unlikely that either of
these default-weakening features would be common. That is because defaults would not be chosen

at random and advance directives would be filled out only once, with a disclosed default.

Despite our results, it would be premature to conclude that the impact of nudges will always persist
when people are aware of them. Our findings are based on hypothetical advance directives—an
appropriate first step in research given both the ethical issues involved and the potential repercussions
for choices made regarding preferences for medical care at the end of life. Before embracing the
general conclusion that warnings do not eliminate the impact of defaults, further research should
examine different types of alerts across different settings. Given how weakly defaults affected
overall goals for care in this study, it would especially be fruitful to examine the impact of pre-
or postinforming participants in areas in which defaults are observed to have robust impact in the
absence of transparency. Those areas include decisionmaking regarding retirement savings and

organ donation.

Most generally, our findings suggest that the effectiveness of nudges may not depend on deceiving
those who are being nudged. This is good news, because policymakers can satisfy the call for
transparency advocated in the House of Lords report (House of Lords 2011) with little diminution
in the impact of positive interventions. This could help ease concerns that behavioral interventions

are manipulative or involve trickery.

Discussion

Information in economics has long been viewed as a means to an end: useful and desirable to the
extent that obtaining it leads to better decisions. In three essays, I have presented empirical evidence
that this view fails to capture our complex relationship with information. Rather than merely
informing our decisions, learning something about ourselves can be painful and aversive, leading

people to prefer ignorance even when knowing might lead them to make better decisions (Chapter
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1). Informing people about nudges, which are ideally complementary to, but are not intended to be
substitutes for, economic incentives, can undermine support for the latter (Chapter 2). However,
learning that one has been assigned to a randomly selected default option in a (hypothetical) advance

directive does not diminish the impact of the default (Chapter 3).

The first chapter showed that the desire to avoid potentially useful information, previously found
in laboratory and field experiments, is a stable and distinct personality trait that can be measured.
Far from being limited to a small number of people, I found that the majority of people in my
studies desire to avoid information in some instances. Information avoidance seems to be a general
trait, although there does seem to be a domain-specific component; for example, some respondents
were receptive to information about their health, but did not want to learn about their finances,
while others were exhibited the reverse pattern. The chapter presented evidence that this desire to
obtain (or avoid) information is stable over time and is distinct from measures such as curiosity or
the need for cognition. Importantly for economists, the desire to obtain information is positively
correlated with a willingness to take risks, and with patience. Learning something that could be
either favorable or unfavorable may be like a gamble that has some probability of returning a gain
and some chance of a loss. And while the costs of learning something painful are immediate, the

benefits from making more informed decisions materialize in the future.

In the second chapter, I reported the first evidence of policy crowding-out, in which introducing a
nudge undermines support for a more effective carbon tax. In addition to showing crowding-out,
all of the studies also found that participants, including policymakers, substantially overestimated
the effect of nudges, as compared with more substantive policies. These observations applied even
to people directly involved with policy-making, who were no less susceptible to the crowding-out
effect, and who also overestimated the impact of a nudge relative to a more substantive policy. In
the final study of the series, I found, however, that correcting people’s beliefs about the nudge’s
effectiveness prevented it from crowding-out support for the carbon tax, without harming support

for the nudge.
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The third chapter tackled a concern among policymakers that information about nudges may render
them ineffective. I found that assigning participants to defaults in a hypothetical advance directive
influences the choices they make. The effect of the default, however, was not diminished by
disclosing that participants were randomly assigned to one of the options. Moreover, when people
learned that they had been defaulted and were given a chance to fill out the advance directive again
(without a default), their choices remained unchanged. That is, providing information either before
or after nudging people with a default did not undermine the effectiveness of the intervention and

did not create backlash.

In 1961, George Stigler ended his seminal paper observing that “our understanding of economic
life will be incomplete if we do not systematically take account of the cold winds of ignorance.”
The work in this dissertation found that the methods of psychology can be productively used by

economists to bring warmth into our understanding of the economics of information.
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A Appendix: The Hidden Cost of Soft Paternalism

A.1 Study 1A

When participants could only implement the tax, we find that 70.3% supported its implementation.
When an opportunity to implement the nudge was also available, 45.00% supported implementing
both, 32.00% chose to implement the nudge only, 10.00% implemented only the tax, and 13.00%
desired neither option. This implies that only 55% supported implementing the tax or both the
tax and the nudge, which is significantly less support than in the policy only condition (x*(1,n =

201) = 4.39, p = .036).

In Table A.1, we present a series of logistic regressions in which the dependent variable is 1 if
the respondent decided to implement either the tax only or both the tax and the nudge, and O
otherwise. Ideally, we could rely on cross-nested logistic regression to account for the fact that
choosing to implement “both” policies in the condition that allows implementing the tax and the
nudge is a stronger policy response than merely implementing the tax when both options are
available. Moreover, for participants in the “Tax Only” condition, choosing to implement the tax
does not tell us whether they would also have wanted to implement the nudge. However, we are
not sufficiently powered to achieve model convergence for these more flexible models, which are

ordinarily employed when the number of observations exceeds 10,000.(Hess et al. 2012)

In our baseline Model 1, we show that the results from our chi-square analysis also hold in the
regression framework. Introducing the option of a nudge decreases the log-odds of supporting
the tax by half (p < 0.05). In Model 2, we add control variables for how effective and how

painful participants thought the tax to be. Those who thought the tax was more effective were, not
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Table A.1: Logistic regression on the decision to implement the tax (or both the tax and the nudge).
Introducing an option to implement a nudge decreases the likelihood of implementing the tax. This
holds with a series of controls, including how effective and painful they rate the tax policy. Notably,
effectiveness or painfulness of the nudge do not influence support for the tax.

Model 1  Model 2 Model 3 Model 4
Nudge Available —0.661* —1.211** —1.207"* —1.428"*
(0.296) (0.366) (0.366) (0.401)
Tax Effectiveness 0.791** 0.775** 0.711***
(0.166) (0.187) (0.202)
Tax Painfulness —0.658"**  —0.647* —0.731***
(0.175) (0.180) (0.194)
Nudge Effectiveness 0.024 —0.091
(0.199) (0.214)
Nudge Painfulness —0.067 0.245
(0.214) (0.241)
Climate Change Exists 0.246
(0.242)
Conservative —1.673"*
(0.409)
(Intercept) 0.861*** 0.497 0.548 0.621
(0.218) (0.746) (0.882) (1.405)
Log Likelihood -130.255 -102.000  -101.940 -90.632
Num. obs. 201 201 201 201

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.
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surprisingly, more likely to support its implementation, while those who believed it to be more
painful were less likely to do so. The main effect of introducing the nudge remains significant
(p < 0.001), now suggesting the nudge reduced the log-odds of supporting the tax by 65%. Models
3 and 4 add further controls and show that the main effect is not diminished by doing so. Notably,
we find that how effective or painful participants rated the nudge to be did not affect their decision

to implement the tax.

A.2 Study 1B

We first conduct a manipulation check to see whether highlighting the (obvious) costs of a carbon
tax to consumers lead participants to rate the tax as more painful. Indeed, the painfulness rating
(on a five-point Likert scale) increases by a full point, from 2.06 to 3.16 (¢(797.79) = —13.88,
p < .001). The framing manipulation, importantly, does not affect the perceived effectiveness of
the tax in Low Pain (3.12) and High Pain conditions (3.00, ¢(797.54) = 1.51, p = .132). Moreover,
the pain framing is overall effective at decreasing support for the tax, from 67.58% to 41.6%

(£(795.45) = 7.63, p < .001).

Table A.2 presents results from a series of logistic regressions on the decision to implement the tax.
We observe significant main effects of our two conditions, painfulness and choice set (Model 1)
when controlling for perceived effectiveness of the tax. Reading about a painful tax policy reduces
support for the tax, as does introducing a nudge into the choice set. In Model 1, introducing the
tax reduces support by 36%, while the painful framing reduces support by 70%. The interaction
between the two conditions is non-significant (Model 2), implying the crowding out effect observed
cannot be explained by the perceived painfulness of the tax. The main effect of both painfulness and
choice set remain significant when controlling for perceived policy painfulness and effectiveness,
political affiliation and the interaction of our experimental conditions (Models 3 and 4). Our
best-fitting Model 4 estimates that the decrease of support for the tax from introducing a nudge

(42%) is approximately the same as from the painful framing (46%).
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Table A.2: Logistic regression for Study 1B. We observe that framing the tax as more painful
decreases willingness to implement it. Notably, we see no interaction effect between our choice
set manipulation and the high pain framing. Model 4 omits the interaction term for a less complex
model that provides equivalent fit.

Model 1 Model 2 Model 3 Model 4

Tax + Nudge —0.354* —0.390 —0.495"*  —0.546*"
(0.148) (0.215) (0.175) (0.179)
High Pain —1.084** —1.118"** —0.533** —0.623**
(0.148) (0.212) (0.189) (0.195)
Tax + Nudge x High Pain 0.067
(0.296)
Tax Effectiveness 0.820*** 0.802***
(0.094) (0.096)
Tax Painfulness —0.757**  —0.758***
(0.090) (0.093)
Nudge Effectiveness 0.049 0.009
(0.101) (0.104)
Nudge Painfulness —0.110 0.005
(0.099) (0.104)
Conservative —1.003***
(0.185)
(Intercept) 0.919* 0.937* 0.246 0.833
(0.133) (0.158) (0.426) (0.452)
Log Likelihood -520.656  -520.630 -400.485 -385.410
Num. obs. 800 800 800 800

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.
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Table A.3: Logistic regression for Study 2. Introducing a nudge aimed at increasing retirement
savings into the choice set does not crowd-out support for the carbon tax. But, as before, introducing
a green energy nudge leads to crowding-out. This finding holds when controlling for covariates.

Model1 Model 2  Model 3 Model 4
Tax + Nudge —0.391** 0.023 0.006 —0.025
(0.146) (0.201) (0.249) (0.253)
Related Nudge —0.358* 0.054 0.173 0.209
(0.146) (0.201) (0.246) (0.250)
Tax + Nudge x Related Nudge —0.870*" —1.275"* —1.316™
(0.294) (0.358) (0.363)
Tax Effectiveness 0.913** 0.870"**
(0.095) (0.096)
Tax Painfulness —0.845***  —(0.819***
(0.083) (0.084)
Conservative —0.711%**
(0.180)
(Intercept) —0.047 —0.253 —0.360 0.042
(0.124) (0.143) (0.385) (0.404)
Log Likelihood -532.411 -528.001 -389.545  -381.715
Num. obs. 802 802 802 802

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

A.3 Study 2

We begin by looking at the effectiveness and painfulness of the three policies. On a five-point
Likert scale, participants believed the green energy nudge to be more effective than the carbon tax
(3.25 vs. 2.91, (401) = 6.36, p < .001). Moreover, participants thought the retirement nudge was
more effective at increasing retirement savings (3.65) than the green energy nudge was at reducing
pollution (#(798.16) = —5.92, p < .001). Correspondingly, the carbon tax was viewed as more
painful (3.22) than both the related nudge (1.71, ¢(993.42) = —23.51, p < .001) as well as the
unrelated nudge (1.71, ¢(1,001.01) = —23.76, p < .001). There was no significant difference in
how painfully the two nudges were rated (¢(799.89) = 0.06, p = .953).

In Table A.3, we conduct the analysis in a regression framework. Model 1 shows the main effects
of our manipulations. Support for implementing a carbon tax decreased both when we introduced

a nudge into the choice set (p < 0.01) as well as when participants were presented with a related
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nudge (p < 0.05). We test for the predicted interaction in Model 2 and confirm that the crowding-out
effect is entirely driven by the conditition in which the green energy nudge is introduced into the
choice set (p < 0.01). Model 3 shows that this effect is robust to the controls we have used in
previous studies. That is, participants who rated the carbon tax as more effective and who identify as
liberal are both more likely to support its implementation (both p < 0.001). The interaction between
the choice set and the related nudge remains significant at the same level (p < 0.01). Model 3
estimates that introducing a related nudge decreases the log-odds of supporting the tax by 60.5%,

which is in line with the estimate from our previous studies.

A4 Study 3A

Across our analyses, we follow our pre-registered plan to perform no comparisons across the two

domains. Instead, we treat the environmental and retirement domains separately.

We begin by looking at the effectiveness and painfulness of the four policies. On a five-point Likert
scale, participants believed the green energy nudge to be more effective at reducing carbon emissions
and pollution (3.28) than the carbon tax (2.91, ¢(609) = 7.29, p < .001). At the same time, they
thought the green energy nudge was less painful (1.67) than the carbon tax (3.01, ¢(609) = —26.76,
p < .001).

In the retirement domain, participants believed defaulting employees into 401(k) plans to be more
effective at promoting retirement savings (3.17) than increasing contributions to and benefits from
social security (2.96, t(597) = 3.66, p < .001). At the same time, they thought the default was less
painful (1.98) than expanding social security (2.86, t(597) = —16.40, p < .001).

It might be that merely having passed one policy diminishes support for a second policy. Just
as reading about a nudge first reduced support for taxes, reading about taxes may have a similar
effect on support for the nudge. Because all participants also made a decision about whether or

not to implement the nudge, we can look at the effect of our conditions on that decision. We show
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Figure A.1: Study 3A. The order in which the nudge is evaluated does not affect support for its
implementation. That is, we observe no crowding-out for the nudge as we do for the tax. Error bars
show =+ one standard error.
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Table A.4: Logistic regression for the decision to implement the carbon (Models 1-3) and social
security taxes (Models 4-6) in Study 3A. Support for implementing both a carbon tax and an
increase in social security taxes decreases when participants make the decision either jointly with or
following the decision to implement a nudge.

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Implement Both —0.632"*  —0.965** —0.975"* —0.669** —1.139"" —1.348"**
(0.202) (0.246) (0.250) (0.203) (0.253) (0.268)

Implement Nudge First —0.745*** —1.060*** —1.066"* —0.736"* —1.116"* —1.355"**
(0.201) (0.246) (0.249) (0.203) (0.251) (0.267)

Tax Effectiveness 0.852** 0.823*** 1.176™ 1.209***
(0.105) (0.109) (0.119) (0.129)

Tax Painfulness —0.857*  —0.805"** —0.506"**  —0.658"**
(0.102) (0.105) (0.104) (0.115)

Nudge Effectiveness —0.046 —0.284*
(0.108) (0.112)

Nudge Painfulness —0.037 0.397
(0.120) (0.108)

Conservative —0.634** —0.611**
(0.202) (0.212)
(Intercept) 0.443** 0.724 1.191* 0.372** —1.460* —0.576
(0.144) (0.444) (0.573) (0.144) (0.499) (0.625)

Log Likelihood -414.760  -313.427  -308.172  -405.677  -300.229  -284.386

Num. obs. 610 610 610 598 598 598

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

support for implementing the nudge (or both the tax and the nudge) in Figure A.1. F-tests confirm
the graphic results in the figure: on average, 85.9% supported the green energy nudge and 85.9%
supported the 401(k) contribution default, with no significant differences across the three conditions
(x%(2,n = 610) = 0.89, p = .639, in the environment domain and, x?(2,n = 598) = 1.19,

= .552 in the retirement domain).

We again extend our analyses on the decision to implement the tax using logistic regression, shown
in Table A.4. Our baseline Model 1 looks at the decision to implement the carbon tax. Confirming
our previous analyses, we find that both the joint implementation decision and implementing the
nudge first decrease the likelihood of supporting the tax (p < 0.01 and p < 0.001, respectively).
Model 2 includes our previously used controls: the perceived effectiveness of the carbon tax at

decreasing CO, emissions and pollution is associated with a higher likelihood of choosing to
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implement the tax, whereas a greater perceived painfulness is associated with a decrease (both
p < 0.001). We find no effect on the implementation decision of how participants evaluated the

nudge, while conservatives are again less likely to favor implementation of the carbon tax.

Models 3 and 4 perform the corresponding analyses in the retirement domain. We replicate all our
findings in this domain, with a notable additional finding: when the decision involves increasing
social security taxes, participants’ perceived effectiveness and painfulness of the nudge does affect
the decision to expand social security. In particular, those who thought a 401 (k) default was more

painful or less effective were also more likely to favor an expansion of social security.

We can further compare the coefficients for “Implement Both” and “Implement Nudge First” within
each of the four models. Using a general linear hypothesis test, we cannot reject the null hypotheses
that the coefficients are identical (all p > 0.60). Making the joint implementation decision therefore
appears to induce the same amount of crowding-out as does the decision to implement the nudge

first.

Finally, we perform the same regression analyses with the decision to implement the nudge (or
both the tax and the nudge) in Table A.5. As suggested by our previous analyses and apparent
in Figure A.1, our experimental conditions do not affect the decision to implement the nudge.
Participants who believe the nudge to be more effective and less painful are more likely to favor its
implementation. We observe that for the politicized environmental domain, conservatives were also
less likely to support implementing a nudge. Conversely, politicial affiliation is not associated with

support for the retirement savings nudge.

A5 Study 3B

We relied on a Latin Squares design in the expectation that there would be no spillover across
the two domains. That is, having seen a nudge in the domain of environment should not affect

the decision to implement a tax in the retirement domain. We test for such a spillover using a
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Table A.5S: Logistic regression for the decision to implement the nudges in Study 3A (Models 1-3:
carbon tax; Models 4-6: 401(k)). While perceived nudge effectiveness and painfulness affect the
decision to implement the corresponding nudge, the ordering or joint implementation manipulations
do not.

Model 1 Model2 Model3 Model4 Model5 Model 6
Implement Both 0.038 0.004 0.145 —0.082  —0.091 —0.036
(0.295)  (0.300) (0.349) (0.236)  (0.237) (0.270)
Implement Nudge First —0.206  —0.265 —0.157 —0.245  —0.252 —0.243
(0.281)  (0.288) (0.327) (0.231)  (0.232) (0.266)

Tax Effectiveness 0.435*** 0.078 0.063 —0.079
(0.119) (0.136) (0.093) (0.113)
Tax Painfulness —0.109 0.145 —0.072 0.091
(0.110) (0.136) (0.093) (0.114)
Nudge Effectiveness 1.027*** 1.078***
(0.157) (0.125)
Nudge Painfulness —0.746*** —0.533"
(0.145) (0.105)
Conservative —1.184*** —0.392
(0.321) (0.225)
(Intercept) 1.869** 1.055 0.368 1.215%*  1.241% —0.645
(0.207)  (0.554) (0.743) (0.168)  (0.485) (0.646)
Log Likelihood -247.674 -238.186 -176.858 -335.135 -334.273 -265.605
Num. obs. 610 610 610 598 598 598

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.
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Table A.6: Mixed effects logistic regression for the decision to implement the tax (Model 1) and
Nudge (Model 2) in Study 3B. We observe that the tax is less likely to be implemented when it is
shown first in the second domain, consistent with a spillover effect in our Latin Squares design. We
consequently limit our analysis to only the first domain participants had encountered.

Model 1 Model2 Model3 Model 4

Retirement Domain —0.455"*  —0.456""*  0.059 0.059
(0.130) (0.130) (0.184)  (0.184)
Implement Tax First 0.358"* 0.724* —-0.235 —0.117
(0.130) (0.202) (0.185)  (0.311)
Second Domain —0.072 0.281 0.045 0.168
(0.128) (0.194) (0.184)  (0.319)
Implement Tax First x Second Domain —0.726* —0.237
(0.300) (0.505)
(Intercept) 0.730™** 0.561**  2.885™*  2.823"**
(0.138) (0.152) (0.432)  (0.442)
Log Likelihood -826.914  -823.953 -525.975 -525.864
Num. obs. 1282 1282 1282 1282
Num. groups: id 641 641 641 641
Var: id (Intercept) 0.913 0.895 3.916 3.899

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

mixed-effects logistic regression with fixed effects for the domain (retirement or environment), a
dummy variable that is equal to 1 if the tax was shown first, a dummy variable that is equal to 1
if the response is in the second domain, and the interaction between those two variables. We also
include a random effect at the individual level, accounting for the fact that participants made two
decisions and those may correlate. We find a significant interaction between the two dummies in
the decision to implement the nudge (shown in Table A.6). That is, respondents are less likely
to implement a tax when it is shown first in the second domain. Because this suggests spillover,
and consistent with our pre-registered analysis plan, we limit our analysis to only the first domain

participants had encountered.

We conduct a series of logistic regressions on the decision to implement the environment and
retirement taxes, shown in Table A.7. The dependent variable for Models 1 and 2 is the decision to
implement the carbon tax. We observe that first making the decision to implement the nudge makes

it less likely for the tax to be implemented, both without controls in baseline Model 1 (p < 0.01)
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Table A.7: Logistic regression for the decision to implement the carbon tax (Models 1 and 2) and
the expanded social security tax (Models 3 and 4) in Study 3B. We observe that the carbon tax is
less likely to be implemented when the decision to implement the nudge is made first, but do not
observe significant crowding-out for the social security tax. Model 5 combines both domains.

Model1 Model2 Model3 Model4  Model 5
Implement Nudge First —0.802**  —0.758*  —0.418 —0.480  —0.569**
(0.245) (0.307) (0.230) (0.267) (0.198)

Tax Effectiveness 1.101*** 0.459*** 0.671**
(0.168) (0.108) (0.090)

Tax Painfulness —0.821*** —0.883**  —(.848***
(0.166) (0.148) (0.108)

Conservative —0.970* —0.676* —0.791***
(0.301) (0.267) (0.197)

Retirement Domain —0.594**
(0.199)

(Intercept) 1.166™** 0.752 0.594**  1.805*** 1.825***
(0.186) (0.621) (0.171) (0.520) (0.418)

Log Likelihood -196.680 -141.233 -214.855 -171.530 -318.908

Num. obs. 321 321 320 320 641

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

and with controls in Model 2 (p < 0.05). In Models 3 and 4, we perform the corresponding analysis
for the decision to implement the expanded social security tax. Contrary to Study 3A, we do not
observe significant crowding-out here. Although our predictions hold directionally, they do not
reach conventional levels of significance (p = 0.07 with and without controls). In Model 5, we
combine both of our domains and include a domain control variable. In the combined data, we

again observe the hypothesized crowding-out effect (p < 0.01).

We conclude the analysis of our full data with a look at whether the tax may conversely have
crowded out suport for the nudge. We show the regressions in Table A.8, with the format following
that of the previous table for the tax. That is, Models 1 and 2 look at the decision to implement
the green energy nudge, Models 3 and 4 look at the decision to implement the 401(k) contribution
nudge, and Model 5 combining both domains. As predicted, we observe no crowding-out when it

comes to the decision to implement the nudge in either domain, with and without controls.

We find support for the nudge in the environment domain ranging from 84.06% to 87.06%
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Table A.8: Logistic regression for the decision to implement the carbon nudge (Models 1 and 2)
and the retirement savings nudge (Models 3 and 4) in Study 3B. Model 5 combines both domains.
Across all models, we observe no crowding-out of the nudge.

Model 1 Model2 Model3 Model4 Model 5

Implement Nudge First —0.098 —0.256 0.255 0.148 —0.014
(0.325) (0.435) (0.299) (0.333) (0.261)
Tax Effectiveness 1.539*** 1.024**  1.211%
(0.290) (0.179) (0.150)
Tax Painfulness —1.066*** —0.428* —0.673***
(0.261) (0.183) (0.147)
Conservative —2.023*** —0.708* —1.250™*
(0.489) (0.335) (0.268)
Retirement Domain —0.579*
(0.265)
(Intercept) 1.890*** 0.959 1.464**  —0.491 0.380
(0.234) (0.869) (0.210) (0.640) (0.518)
Log Likelihood -128.230 -72.352  -144.883 -118.015 -196.250
Num. obs. 321 321 320 320 641

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

(F(2,607) = 0.45, MSE = 0.12, p = .640) and in the retirement domain ranging from 72.5% to
77.11% (F(2,595) = 0.59, MSE = 0.19, p = .553).

A.5.0.1 Policymakers

As pre-registered, we repeat the analysis for the subset of participants (n = 347) who report active
involvement in either impacting or informing public policy. We parallel the analysis for the full set

of respondents.

Policymakers evaluated the nudge as no more (or less) effective than a carbon tax at reducing CO,
emissions and pollution (3.18 vs 3.06, #(347.23) = 1.12, p = .265). In the retirement domain,
policymakers, much like the full sample, believed a 401(k) nudge to be more effective than an
expansion of social security (3.33 vs 2.99, ¢(302.87) = 2.73, p = .007). Similar to our previous
respondents, they also view the nudges as less painful than the taxes in both domains (1.66 vs 2.75
in environment, ¢(338.43) = —11.26, p < .001; 1.54 vs 2.44 in retirement #(322.18) = —8.55,
p < .001).
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Figure A.2: Study 3B subset of policymakers. Even among this more expert sample, we observe

crowding-out in support for the tax (left panel), but not for the nudge (right panel). Error bars show
=+ one standard error.
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Table A.9: Logistic regression for policymakers’ decisions to implement the carbon tax (Models 1
and 2) and the expanded social security tax (Models 3 and 4) in Study 3B. We observe that both taxes
are less likely to be implemented without controls (Models 1 and 3), but the effect is not significant
with controls (Models 2 and 4). When we combine both domains (Model 5), crowding-out again
reaches the conventional level of significance.

Model1 Model2 Model3 Model 4 Model 5
Implement Nudge First —0.784*  —0.777  —0.794* —0.592 —0.590*
(0.319) (0.429) (0.318) (0.367) (0.272)
Tax Effectiveness 1.3627** 0.509*** 0.790***
(0.230) (0.144) (0.120)
Tax Painfulness —0.636** —0.901"*  —0.796***
(0.221) (0.203) (0.145)
Conservative —0.842* —0.465 —0.659*
(0.422) (0.368) (0.271)
Retirement Domain —0.409
(0.274)
(Intercept) 0.971**  —0.879  0.747* 1.573* 1.026
(0.235) (0.861) (0.234) (0.645) (0.533)
Log Likelihood -112.737  -74.909 -112.334  -90.379 -171.990
Num. obs. 177 177 170 170 347

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

Figure A.2 shows support for the tax in the domains of environment and retirement (left panel), and
the support for the nudge (right panel), conditional on making the decision to implement a nudge
first (red bar) or the tax first (blue bar). In both domains, we see that presenting the nudge first
reduces support for the tax. In the environment domain, support declines from 72.53% to 54.65%
(x*(1,n = 177) = 5.37, p = .020); in the retirement domain, we see (in contrast to the full sample)

also a significant decline from 67.86% to 48.84% (x?(1,n = 170) = 5.56, p = .018).

Consistent with the results from the previous study, we find no crowding-out in support for the
nudge. In the environment domain, 87.91% support implementing the nudge when it is made prior to
the decision to implement the tax and 89.53% do so when it follows that decision (x*(1,n = 177) =
0.01, p = .918). In the retirement domain, we similarly see no decrease with 79.76% supporting
its implementation when asked first and 90.7% do so when asked second (x*(1,n = 170) = 3.23,

p = .072).
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Table A.10: Logistic regression for policymakers’ decision to implement the carbon nudge (Models
1 and 2) and the retirement savings nudge (Models 3 and 4) in Study 3B. Model 5 combines both
domains. We find some crowding out of the retirement savings nudge in Model 3 that disappears
with controls and in the combined model.

Modell Model2 Model3 Model4 Model 5

Implement Nudge First  0.162 —0.470 0.906* 0.813 0.369
(0.477) (0.696) (0.460)  (0.520) (0.397)
Tax Effectiveness 2.268*** 1.297**  1.553***
(0.553) (0.303) (0.250)
Tax Painfulness —1.317* —0.205 —0.534*
(0.489) (0.264) (0.215)
Conservative —1.787* —0.968 —1.306**
(0.729) (0.513) (0.405)
Retirement Domain —0.722
(0.403)
(Intercept) 1.984**  —0.035 1.371*** —1.598  —0.597
(0.322) (1.290) (0.272)  (1.051) (0.790)
Log Likelihood -62.375  -30.487 -68.925 -52.391 -87.462
Num. obs. 177 177 170 170 347

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

We next conduct a serious of logistic regressions on the decision to implement the environment and
retirement taxes, shown in Table A.9. The dependent variable for Models 1 and 2 is the decision to
implement the carbon tax. We observe in Model 1 that, without additional controls, first making the
decision to implement the nudge makes it less likely for the tax to be implemented (p < 0.05). When
we add controls in Model 2, however, this effect is no longer significant (p = 0.07). We similarly
observe crowding-out for the social security tax without further controls (Model 3, p < 0.05), but
not with controls (Model 4; p = 0.11). In Model 5, we combine both of our domains and include a
domain control variable. In the combined data, we again observe the hypothesized crowding-out

effect (p < 0.05).

We conclude the analysis of the policymaker respondents with a look at whether the tax may
have crowded out support for the nudge. We show the regressions in Table A.10, with the format
following that of the previous table for the tax. That is, Models 1 and 2 look at the decision to

implement the green energy nudge, Models 3 and 4 look at the decision to implement the 401 (k)
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contribution nudge, and Model 5 combining both domains. Against our predictions and previous
results, we do observe some crowding out of the retirement savings nudge without controls (Model
3). This effect again disappears with controls (Model 4, p = 0.12) and when we combine both

domains (Model 5, p = 0.35).

As before, we observe no comparable crowding-out for the nudge in either the environmental
domain (F'(1,319) = 0.09, MSE = 0.12, p = .763) or the retirement domain (F'(1,318) = 0.73,
MSE = 0.14, p = .394). That is, respondents appear to be willing to implement two policies, just

as long as the second option offered to them is a (painless) nudge rather than a (painful) tax.

A.6 Study 4

We begin by testing the effect of our two experimental manipulations. The mean ratings for
effectiveness and painfulness of both policies and for each condition is shown in Figure A.3. First,
we look at whether providing additional information in the “Nudge Ineffective” condition lowers
participants’ rating of the nudge. Indeed, we find that with information about the nudge’s effect size,
perceived effectiveness declines from 3.13 (“Nudge First”) to 2.44 (¢(389.61) = 7.17, p < .001).
Notably, there is no change in the perceived painfulness of the nudge (1.65 and 1.59, respectively;

£(383.32) = 0.74, p = .458)

When we make the tax more attractive, by highlighting that the funds could be used to offset
other taxes and promote investment, participants rated it as less painful (1.98) than in the “Nudge
First” condition (2.37), which featured the identical ordering of questions but with this information
omitted (#(371.59) = 3.22, p = .001). Participants also rated such a tax as more effective at
reducing emissions (3.34) than when the tax was introduced without this additional information

(3.34, (376.30) = —2.04, p = .042).

We next return to our logistic regression analysis, shown in Table A.11. We use as baseline the

“Nudge First” condition, in which we observed the least support for the carbon tax. In Model 1,
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Figure A.3: Study 4: Ratings for painfulness and effectiveness of a green energy nudge and a carbon
tax across conditions. Error bars show + one standard error.
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we regress dummy variables for the conditions on the decision to implement the tax. Consistent
with the chi-square regression reported in the manuscript, ordering on its own did not significantly
change support for the tax. However, framing either the nudge as ineffective or the carbon tax
as being less painful increases support for the tax. Model 2 includes controls for how effective
participants rated the carbon tax and the green energy nudge. Consistent with our previous findings,
rating the tax as more attractive and less painful correspond with increased support for implementing
it (both p < 0.001). With these controls included, we now see an effect of ordering (“Tax First”)
as well as framing the nudge as ineffective (both p < 0.05), with the effect of the tax attractive
manipulation absorbed in the effect of painfulness. Finally, Model 3 includes a control for political
affiliation. Conservatives are less likely to support the tax (p < 0.001), but the coefficients on the

other variables remain nearly unchanged.

We also asked participants how they thought their own carbon emissions compared to the average
household, whether they thought human activity or nature was primarily driving global climate
change, and whether they thought the government should intervene in reducing carbon emissions.
Although we preregistered no hypotheses, we report descriptively how these groups differed in their

support for the tax and the nudge.

53.88% of respondants thought their emissions were about average and 43.86% thought they were
less than average. Surprisingly, only 18 participants thought they polluted more than average.
Support for implementing the tax did not differ by one’s own emissions F'(2, 795) = 0.49, MSE =
0.22, p = .612. We have no reason to believe our sample to be more environmentally conscious
than the population on average. This suggests that per-capita refunds of carbon taxes might be
perceived by most people as either neutral on their household budget or even generate income for
them. Future work may want to examine whether highlighting the redistributive impact of a carbon

tax might enhance its acceptance.

Participants who favored government intervention to reduce carbon emissions were, not surprisingly,

more supportive of the carbon tax (see left panel of Figure A.4). Support was greatest among the
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Table A.11: Logistic regression for the decision to implement the carbon tax in Study 4. Highlighting
the small effect size of the nudge increases support for the tax, as does making the tax appear more
attractive and less painful (Model 1). Including controls for effectiveness and painfulness of the
policies also replicates the finding that merely asking first about the nudge can reduce support for
the tax.

Model 1  Model 2 Model 3
Tax First 0.325 0.712* 0.611*

(0.212) (0.285) (0.295)
Nudge Ineffective 0.424~ 0.709* 0.685*

(0.214) (0.299) (0.311)

Tax Attractive 0.514* 0.056 0.011
(0.219) (0.298) (0.306)
Tax Effectiveness 1.275%* 1.224*
(0.121) (0.124)
Tax Painfulness —1.173"* —1.167**
(0.112) (0.116)
Nudge Effectiveness —0.053 —0.113
(0.112) (0.116)
Nudge Painfulness —-0.129 —0.069
(0.115) (0.121)
Conservative —1.217*
(0.217)
(Intercept) 0.472** —0.137 0.781
(0.149) (0.500) (0.545)
Log Likelihood -492.904 -303.141  -286.727
Num. obs. 798 798 798

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

105



Figure A.4: Support for the carbon tax and green energy nudge in Study 4 for participants who
thought human activity or natural forces were primarily responsible for climate change and who
thought the government should or should not intervene to reduce emissions.
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68.8% who also believed human activity to be the primary driver of global climate change: of
those, 83.79% supported the carbon tax. Of the 10.53% of participants who thought the government
should not take any action even as humans were primarily responsible, only 35.71% supported
the carbon tax. Fewer participants believed nature to be the primary driver of warming. Notably,
even among this group, more participants favored the government taking action to limit human
contribution (13.78%) than did not want government to be involved (6.89% of the total sample). All
pairwise Chi-square tests were significant (p < 0.01) except for the comparison between Humans +
No Gov and Nature + Gov (p = 0.07). The pattern holds similarly for the nudge (see right panel of
Figure A.4). Chi-squared tests of all pair-wise comparisons are significant (for Humans + No Gov

vs. Nature + Gov, p = 0.03, all other p < 0.01).

A.7 Heterogeneous Treatment Effects

Across our studies, we collected information about participants’ political orientation, as well as how
effective they believed the green energy nudge and the carbon tax to be. Moreover, in Studies 1A
and 1B, we also asked participants about their belief in climate change. Although these analyses
were not planned, we can pool responses from all our Amazon Mechanical Turk participants and

explore whether effects differ consistently for some group of participants.

In Studies 1A and 1B, we elicited belief in the existence of climate change on a scale from 1 (strongly
disagree) to 5 (strongly agree). Combining across these studies, we had 1001 participants. Of those,
the majority (n = 484) strongly agreed that global average temperatures had been increasing over the
past 50 years. Nearly as many participants somewhat agreed with that statement (n = 386), while

the remaining 131 participants were either uncertain or somewhat or strongly disagreed.

In Figure A.5, we show support for implementing the carbon tax in our two experimental conditions
for those who strongly agreed with the statement that temperatures have been increasing and the
remaining participants. Note that the experimental design of “Study 1A” and “Study 1B: Low Pain”

were identical and “Study 1B: High Pain” explicitly highlighted some of the costs of a carbon tax
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Figure A.5: Support for implementing the carbon tax for those who strongly agree that climate
change is occuring vs. remaining participants (Studies 1A and 1B). Crowding-out occurs even for
those who expressed strong agreement. Error bars show + one standard error.
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for consumers. We observe a clear main effect, with those who are in strong agreement that climate

change is occuring also more supportive of implementing a carbon tax.

To test for an interaction, we rely on a logistic regression and a new method for assessing nonlinear
interaction effects (Hainmueller, Mummolo, and Xu, n.d.). If crowding-out differs by agreement
with the existence of climate change, then we should observe a significant interaction effect between
our experimental assignment and the belief in climate change. The first column of Table A.12 shows
a logistic regression on the decision to support implementing the carbon tax. As predictors, we
include dummy variables controlling for each of the studies as well as the different framings in
Study 1B. Notably, the interaction between our experimental condition and belief in climate change
is not significant, suggesting that crowding-out is not less pronounced among those who strongly
agree that climate change is occuring. Moreover, the statistical result is robust to using a cutoff of

“somewhat agree” instead and for treating the scale response as a continuous variable.

We also test for nonlinear interaction effects using a new approach, which bins the moderator
variable (in this specification, belief in climate change occurring) into more granular cutoffs to
assess for nonlinear marginal effects.(Hainmueller, Mummolo, and Xu, n.d.) We choose a four-fold
partition (of those who (1) either disagreed or strongly disagreed, (2) neither agreed nor disagreed
and (3) agreed, and (4) strongly agreed), respectively), which yielded a non-significant result for the

test of nonlinear marginal effects, p = 0.21, using a Wald test (see Figure A.6).

In all our studies, we asked participants (n = 1806) about their ideological orientation, ranging from
extremely liberal to extremely conservative. We perform a median split on political orientation
(extremely conservative to extremely liberal) and show support for the carbon tax across all studies
for the two groups in Figure A.7. The corresponding regression analysis is in column 2 of Table

A.12.

Although we observe a main effect of political affiliation, with conservatives less supportive of a
carbon tax, we do not observe a difference in our experimental treatment. That is, both liberals

and conservatives appear equally discouraged from implementing a carbon tax by the presence of a
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Table A.12: Analysis of heterogeneous treatment effects. The first column looks at belief in climate
change, combining data from Studies 1A and 1B. Columns 2-4 combine data from Studies 1A,
1B, 2, and 3A (all experiments performed on Amazon Mechanical Turk) and look at differential
effects by political orientation (column 3), perceived effectiveness of the carbon tax (column 4),
and effectiveness of the carbon tax relative to the green energy nudge (column 5). We observe that
there is less crowding-out among those who perceive the tax to be ineffective, where there is little

support for implementing the tax in the baseline condition.

CC Belief Politics Tax Effectiveness

Relative Effectiveness

Study 1B: Low Pain 0.30 0.39* 0.23 0.05
(0.19) (0.19) (0.19) (0.04)
Study 1B: High Pain —0.91"*  —0.82*** —0.93** —0.20***
(0.19) (0.19) (0.19) (0.04)
Study 2: Related Nudge —1.06%** —1.12% —0.24*
(0.19) (0.19) (0.04)
Study 3A: Environment —0.31 —0.33 —0.07
(0.19) (0.19) (0.04)
Tax + Nudge —0.41*  —0.76"** —1.06"* —0.15**
(0.19) (0.15) (0.20) (0.04)
Strongly Agree with CC 1.32%*
(0.20)
Conservative —1.36"**
(0.15)
Tax Ineffective —1. 74"
(0.18)
Nudge More Effective —0.12*
(0.04)
Tax More Effective 0.15™
(0.04)
Tax + Nudge x Strongly Agree with CC —0.21
(0.28)
Tax + Nudge x Conservative 0.24
(0.21)
Tax + Nudge x Tax Ineffective 0.57*
(0.23)
Tax + Nudge x Nudge More Effective 0.02
(0.05)
Tax + Nudge x Tax More Effective 0.03
(0.06)
(Intercept) 0.15 1.46** 2.05%** 0.69**
(0.18) (0.18) (0.22) (0.04)
Log Likelihood -611.75  -1104.64 -1092.63 -1192.46
Num. obs. 1001 1806 1806 1806

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.
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Figure A.6: Support for carbon tax by condition across four interaction variables and binning sizes.
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Figure A.7: Support for carbon tax by condition and by political affiliation for all studies with a joint
implementation condition. Although conservatives are overall less likely to support implementing
the tax, the extent of crowding-out by introducing the nudge does not differ by political affiliation.
Error bars show =+ one standard error.
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green energy nudge. This result is robust to using different cutoff points to split conservatives and
liberals and to treating politicial orientation as a continuous variable, and is confirmed by a Wald
test, p = 0.8, indicating the four-bin model and the linear interaction model are not statistically

different from each other.

It might also be that participants who believe the tax to be highly effective would be less affected
by the introduction of a green energy nudge. Participants rated the perceived effectiveness on a
five-point scale from “not effective at all” to “extremely effective.” The most common response
was the midpoint of the scale, “moderately effective” (n = 606), with 593 participants believing
the tax to be less effective than that and 607 believing it to be more effective. We split participants
according to whether they thought the tax was very or extremely effective (‘“Tax Effective”) or

whether they gave a lower response on the scale (‘“Tax Ineffective”).

In Figure A.8 and in column 3 of Table A.12, we show support for implementing the carbon tax
based on the perceived effectiveness of the tax. Not surprisingly, those who believe the tax to be
ineffective are less supportive of implementing it. However, we also observe an interaction with our
treatment — but in the opposite direction that might have been expected. Participants who believe the
tax to be ineffective are affected less by the presence of a nudge. The coefficient on the interaction
remains significant if we treat perceived effectiveness of the carbon tax as a continuous variable or
if we choose a lower cutoff point (below “moderately effective”) instead. A possible explanation
for this finding is that support for the carbon tax is already low in the absence of a nudge and
consequently we may observe a floor effect. A more nuanced interaction model that separates the

tax’s perceived effectiveness into four bins shows a non-significant effect, p = 0.38.

Finally, we can look at support for implementing the carbon tax as a function of whether participants
thought the tax to be less effective than the nudge, equally effective, or more effective. We show
this in Figure A.9 and column 4 of Table A.12. We again observe a main effect across studies,
with those who believe the tax to be relatively less effective also less supportive of implementing

it. However, we again observe no interaction with our experimental treatment. Testing a four-bin
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Figure A.8: Support for carbon tax by condition and by perceived effectiveness of the tax for all

studies with a joint implementation condition.
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Figure A.9: Support for carbon tax by condition and by whether the tax was perceived to be less,
equally, or more effective than the green energy nudge.
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multiplicative interaction model, where the moderating variable is the perceived tax effectiveness is
subtracted from the perceived nudge effectiveness, we find no statistically significant difference
between a linear interaction model and a nonlinear one, p = 0.38. In all the cases, more granular

binnings also did not yield significant results.

It appears that the introduction of a green energy nudge crowds-out support for a carbon tax even
among those who might otherwise be favorable to the tax. Crowd-out is no smaller for those who
identify themselves as more liberals, who may generally favor government intervention, or for those
who strongly agree that global climate change is occuring. The effect of the experimental treatment
is also no smaller for those who think the tax is more effective than the nudge. If anything, those
more supportive of implementing a carbon tax see their support diminished the most: those who
believe a tax to be ineffective are unlikely to favor its implementation even in the absence of other

policies.

A.8 Study S1

Individuals are frequently polled about their attitudes to or approval of various policies. Such
responses may in turn influence elected officials, particularly when they worry that a policy proposal
may be disliked by their constituents. Could merely being informed about nudges (e.g., through

media coverage) undermine support for heavy-handed interventions like taxes?

In this supplementary study, we present participants with three policies aimed at reducing carbon
emissions, and ask them to report how effective they believe each to be at reducing emissions
and whether they would approve their implementation. The two remaining policies, both nudges,
mandate companies to implement defaults that consumers can opt-out of. One of these nudges
targets energy suppliers and requires them to default customers into a renewable energy plan; the
other targets airlines and requires them to, via a default that can be overridden by the consumer,
impose a carbon offset fee on each plane ticket by default. We hypothesize that first learning about

a nudge will decrease approval of the carbon tax. We preregistered the study on AsPredicted.org
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#4571.

We recruited participants from Amazon Mechanical Turk (N = 601, 42.76% female, mean age
35.03). Within our sample, 26.96% identified as moderately or very conservative and 47.26% had a

4-year college degree or higher. Participants received a fixed payment of 50 cents.

We first elicited beliefs about climate change. Participants were asked about the extent to which
they agreed that global average temperatures were increasing and whether human activity was
the primary cause of such warming (both on a 5-point scale ranging from “strongly disagree” to
“strongly agree”). Participants who strongly disagreed that temperatures are increasing were not
asked about human activity as a driver. We then presented three policies to combat climate change
and environmental pollution. Two were nudges taken from Sunstein (2016) and one was the carbon
tax. One of the nudges requires large electricity providers to automatically enroll consumers in an
environmentally friendly energy plan, but gives them the option to opt-out. The other nudge would
require airlines to charge flyers a fee to offset their carbon emissions (approximately $10 a ticket),
but people could opt-out of the payment if they wanted to. Sunstein (2016) surveyed participants
and found that 72% of respondents approved of defaulting customers into green energy plans, but
only 36% approved of the default offset on plane tickets. Consequently, we refer to the former
policy as a “favorable nudge” and the latter as an “unfavorable nudge.” The standard carbon tax

policy imposes a tax of $40/ton of carbon on companies based on the emissions created.

For each policy, participants evaluated (on a five-point Likert scale) how favorable they viewed
the policy (“Strongly disapprove” to “Strongly approve”) and how effective they believed it to
be at reducing pollution and carbon emissions (“Not effective at all” to “Extremely effective”).
We randomly assigned participants to 6 conditions, varying the order in which they evaluate the
policies. Participants in the “Favorable Nudge First” condition first evaluated the green energy
nudge, followed by the carbon tax, followed by the airline nudge. Participants in the “Unfavorable
Nudge First” condition first evaluated the airline nudge, followed by the carbon tax, followed by

the green energy nudge. In two conditions (“Favorable Nudge Passed” and “Unfavorable Nudge
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Passed”), we explicitly told participants after evaluating the first nudge that they should assume
it had passed, after which they evaluated the carbon tax. Finally, in the last two “Policy First”
conditions, participants first evaluate the carbon tax followed by the two nudges in each of the two
possible orders. We also collected demographic information on gender, age, ethnicity, education

level, and political affiliation.

A.8.1 Results

Most participants in our sample thought that global mean temperature has been increasing over the
past 50 years (84.36% somewhat or strongly agreed with this statement). We asked all but those
who strongly disagreed with the previous statement (96.67%) whether they believed that human
action is primarily responsible for this observed warming: of these, 76.76% somewhat or strongly

agreed.

We find that, in line with survey responses from Sunstein (2016), participants viewed the nudge
defaulting consumers into green energy plans more favorably than the carbon offset nudge (3.74
vs. 3), which is significantly higher using a paired t-test, (¢(600) = 13.87, p < .001). Participants
also believed the energy nudge to be significantly more effective (3.06 vs. 2.11, ¢(600) = 19.82,
p < .001). Notably, the carbon tax enjoyed the highest approval (3.83) and assessed effectiveness
(3.07), though neither is significantly higher than for the favorably-viewed green energy nudge

(approval: t(600) = —1.93, p = .054, and effectiveness: ¢(600) = —0.25, p = .801).

Table A.13 presents the results of an ordered logistic regression of approval of the carbon tax on
each of the conditions as a predictor variable (Model 1), and the same specification, but including
a control for how effective the participant believed the carbon tax would be (Model 2). Not
surprisingly, participants who believed the tax to be more effective at reducing pollution also were
more supportive of implementing it. When we look at our treatments, however, we find that approval
for the tax was significantly lower in each of the four conditions in which the nudge was shown

first with the control for effectiveness. We ran a general linear hypothesis analysis to compare the
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Table A.13: Ordered logistic regression on the support for the carbon tax as a function of the
experimental condition (compared to the baseline in which they see the tax first). Participants
view the carbon tax less favorably when a nudge is introduced first, independent of whether they
generally hold a favorable or unfavorable view of the nudge.

Model1 Model 2

Favorable Nudge First —0.176  —0.563*
(0.233)  (0.250)

Favorable Nudge Passed —0.205  —0.534*
(0.222)  (0.237)

Unfavorable Nudge First —0.496* —0.782**

(0.235)  (0.245)
Unfavorable Nudge Passed —0.351 —0.609**
(0.210)  (0.222)

Tax Effectiveness 1.242%*
(0.084)

Log Likelihood -829.760 -696.548

Num. obs. 601 601

**%p < 0.001, **p < 0.01, *p < 0.05

coefficients across our conditions and find no statistically significant differences (all p > 0.80).
Thus, support for the carbon tax declined when a nudge was introduced first, but this did not depend
on whether the nudge was favorable or unfavorable or whether or not participants were told to
assume it had passed. We subsequently combine the conditions into a new variable called “Nudge

First.”

In Table A.14, we show the regression results comparing the four conditions in which the nudge
was shown first to the two conditions in which the policy was observed first. In Models 1 and 2, our
dependent variable is the approval for the carbon tax. Confirming our previous results, seeing the
nudge first indeed decreases support for the tax, controlling for the perceived effectiveness of the
tax (p < 0.001). This effect also holds when we control for a belief in climate change (splitting
participants into those who somewhat or strongly agree with a warming trend and those who do
not) and political conservatism (performing a mean split). Note that even after introducing those

controls, the coefficient on our experimental conditions remains virtually unchanged.

Could participants be susceptible to a framing effect in the other direction? That is, would support
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Table A.14: Ordered logistic regression on the support for the carbon tax collapsed across conditions
in which the nudge was shown first. Participants view the carbon tax less favorably when a nudge is
introduced first, including with controls (Models 1 and 2). Observing the tax first does not, however,
influence approval of either the favorable (Model 3) or unfavorable nudge (Model 4).

Model 1 Model 2 Model 3 Model 4

Nudge First —0.619"™*  —0.621*** 0.285 0.023
(0.172) (0.173) (0.158) (0.167)
Tax Effectiveness 1.242* 1.158**
(0.084) (0.086)
Offset Nudge Effectiveness 1.122%
(0.082)
Energy Nudge Effectiveness 1.322%**
(0.093)
Climate Change Exists 0.869*** 0.677  1.009"**
(0.218) (0.208) (0.221)
Conservative —0.855"* —0.395"* —0.470*
(0.166) (0.153) (0.166)
Log Likelihood -697.022  -672.334 -797.445 -663.436
Num. obs. 601 601 601 601

***p < 0.001, **p < 0.01, *p < 0.05. Coefficients are expected log-odds.

for a nudge decrease when a tax policy is presented first? It might be that our elicitation mechanism
(two five-point Likert scales) inherently biases responses and that this is driving our effect. To test
this, we investigate whether the order in which participants viewed the tax and the nudge affected
approval for the two nudges. Based on our hypothesis, we predict that nudges crowd-out support
for taxes, but not vice-versa. In Model 3, we use as our dependent variable support for the (less
favorably viewed) offset nudge and, in Model 4, the dependent variable is support for the green
energy nudge. In these models, we substitute perceived effectiveness of the respective nudges as a
control variable, rather than the effectiveness of the carbon tax. Similar to support for the carbon
tax, the perceived effectiveness, belief in climate change, and political liberalism are associated with
increased support for the nudge. Importantly, however, whether the nudge was presented first does
not determine approval for either nudge, suggesting that knowledge of nudges displaces support for

taxes but that the inverse relationship does not hold.
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Table B.1: Sample characteristics. Standard deviation in parenthesis.

CMU NYT
(n=542) (n=216)
Male 61% 47%
Mean Age 48.74 51.81
(15.25) (14.03)
Race
Caucasian 89% 90%
Black 1% 1%
Asian 8% 5%
Other Race 2% 4%
Religion
Non Religious 35% 52%
Catholic 18% 9%
Protestant 22% 14%
Jewish 12% 9%
Other Religion 13% 16%
Been in ICU 12% 13%
Experiencing Health Problems 7% 10%

B Appendix: Warning: You Are About to be Nudged

The sample characteristics are shown in Table B.1. Included in this table, as well as in Figures B.1
and B.1. are two conditions we ran and did not report in the main body of the article. The two
conditions manipulate the order in which the options are presented (comfort first or prolong first)
and do not impose a default. We report them here for sake of completeness, but because our focus

is on the effect of defaults, we did not run any analyses using these two conditions.

Participants in this study showed an overwhelming preference for minimizing discomfort. When
the question was posed in general terms, 75% of responses reflected this goal (see Figure B.1).
By comparison, only 15% of responses reflected a goal of prolonging life. Participants’ overall
preference for comfort was so fixed that neither default options nor participants’ knowledge of them
had much impact on their response to the question about their general preference for end-of-life

care.

Several main findings are apparent from Figure B.1 and Tables B.2 and B.3. First, a comparison
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Figure B.1: The impact of defaults on overall goal for care. The first stage responses include a
default (except for the order only conditions); in the second stage, participants answer the same
question with no default. Irrespective of condition or default, we see about 75% of participants

preferring the comfort option. Error bars are included to indicate 95% confidence intervals.
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between the first-stage responses of those defaulting either to comfort or to prolong in the postin-
formed conditions provides a simple test of conventional default effects. These can be seen in the
left-hand panel of Figure B.2 (indicating responses to the first advance directive) comparing the
blue and red bars marked “Comfort Postinformed” and “Prolong Postinformed” and in columns 2
and 4 of Table B.2. Significance tests of the difference, presented in the second column of Table
B.3, show that five of the five specific items display significant differences at the .10 level, with
several significant at more conservative levels. The difference between comfort and prolong for the

average of all five items is significant at the .001 level.

Second, a comparison between the blue and red bars marked “Comfort Preinformed” and “Prolong
Preinformed” in the left-hand panel of Figure B.2 and between the first and third columns of Table
B.2 shows that the default was effective in changing first-stage responses, despite the warning about
the default. Although all of the changes are affected by the default in the predicted direction, it
can be seen in Table B.3 that the effect is statistically significant only for a single item (dialysis)
and for the average of all five items (both at the .01 level). Thus, there is suggestive evidence that

preinforming subjects about the default may have weakened but not eliminated its impact.

The third important comparison is between second-stage responses in the postinformed condition,
at which point respondents had been informed about the existence of the defaults. The blue and red
bars marked “Comfort Postinformed” and “Prolong Postinformed” in the right-hand panel of Figure
B.2 and the sixth and eighth columns of Table B.2 show the effect of the default when respondents
have been informed of the default after making first-stage choices and are then given the opportunity
to revise their choices. The fourth column of Table B.3 shows that the effect of the default is
significant at the .05 level or greater for three of the five specific items, and the combination of the
five items is significant at the .001 level. The effect of the default, therefore, persisted even when
respondents were informed about the default and given an opportunity to reconsider their previous

choices.
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Figure B.2: The impact of defaults on the average share of choices favoring the comfort or prolong
option. In the postinformed conditions, participants are informed between the first and second
stages. In the preinformed conditions, they are informed before the first stage. Error bars are
included to indicate 95% confidence intervals.
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Table B.2: Percentage Choosing Comfort (Top Left of Cells) and Prolong (Bottom Right of Cells) by Stage, Condition, and Item. CPR =
cardiopulmonary resuscitation; ICU = intensive care unit.

Stage 1 Stage 2
Comfort Comfort Comfort Prolong Prolong Comfort Comfort Prolong Prolong
% preinformed postinformed preinformed postinformed | preinformed postinformed preinformed postinformed
5.6% 5.8% 12.0% 5.6% 11.2% 7.7% 12.9% 5.6%
Averageof 5 50.7% 46.9% 41.2% 30.2% 53.8% 47.3% 45.4% 36.3%
specific items w m W W 21.6% w w %
CPR WWWW 45.6% WWW
35.2% 30.8% 47.4% 53.2% 30.4% 30.8% 42.9% 51.6%
ICU WWW%%.% WW%
35.2% 30.8% 40.6% 50.8% 30.4% 26.0% 39.1% 47.6%
19.2% 16.3% 25.6% 29.8% 13.6% 13.5% 21.1% 27.4%
26.4% 26.9% 46.6% 56.8% 20.8% 26.9% 36.1% 36.3%
18.4% 16.3% 29.3% 27.4% 12.8% 14.4% 23.3% 22.6%




Table B.3: Results of Chi-Square Tests on the Proportion of Comfort, Prolong, and No-Choice
Decisions for Participants Who Have Been Defaulted Into the Comfort or Prolong Condition Note.
CPR = cardiopulmonary resuscitation; ICU = intensive care unit.

x? Test Stage 1 Stage 2

Decision Preinformed Postinformed Preinformed Postinformed

Overall goal 4.78 0.60 1.99 0.45
(p<10)  (p=ns) (p=ns)  (p=ns)

5 items 18.71 46.42 19.45 30.11
combined (p < .001) (p<.001) (p<.001) (p < .001)

CPR 4.35 12.86 4.45 10.67
(p = ns) (p <.01) (p = ns) (p <.01)

ICU 1.40 11.55 3.49 11.65
(p = ns) (p <.01) (p = ns) (p <.01)

Ventilator 2.01 8.11 2.50 7.01
(p=ns) (p < .05) (p=ns) (p < .05)

Dialysis 11.33 11.94 7.54 2.69
(p < .01) (p < .01) (p < .05) (p = ns)

) 4.23 4.79 4.88 2.52
FeedingTube () _1s)  (<10)  (p<.10)  (p=ns)

Regression analyses. There were three possible responses for each decision: comfort, prolong, or
forgo making a choice (that is, no choice). Because these do not form any natural ordering, we ran a
multinomial logistic regression in which the likelihood of choosing prolong or making no choice is
compared with that of picking comfort. In the results that follow, each response from an individual
was treated as an observation. We corrected for nonindependence among the multiple responses by
including random effects at the individual subject level. We also included fixed effects for each of
the five items to take into account that the respective options are not equally appealing for all health

interventions.

Standard default effects. Table B.4 presents results from multinomial random effects logistic
regressions. The first two columns of coefficients in the table examine the stage 1 decisions of
individuals in the postinformed condition and compare the choices made by those defaulted into
prolong with the decisions made by those defaulted into comfort. This difference is the standard
default effect. From the table, it can be seen that the effect of the comfort default is a decrease of

2 in the log-odds ratio for both prolong and no choice relative to the comfort choice. Individuals
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Table B.4: Multinomial Logit Regression Showing the Change in Likelihood of Selecting the
Comfort Option when the Default Changes from Prolong to Comfort. Note. The dependent variable
is the combined answers to all treatment decisions. Included are controls for population (Carnegie
Mellon University and New York Times), gender, age, age squared, ethnicity, and religiosity. The
regression also includes fixed effects for each of the five questions and random effects at the
individual level. *p < .05. **p < .01. ***p < .001.

Stage 1 postinformed ‘ Stage 2 postinformed ‘ Stage 1 preinformed
Prolong No choice Prolong No choice Prolong No choice

-2.032%* -2.050*  -1.100%** 0.333  -1.553** -0.389

Comfortdefault 700y (0.922)  (0.317) (0.520)  (0488)  (0.371)
Marginal effect 0.361*%* 0.175%%* 0.329%*%*
(comfort=0) 0.112) (0.068) ©.111)

defaulted into the comfort option are significantly less likely to choose prolong (p < .01) or no

choice (p < .05) relative to the comfort choice.

The second row of the table (labeled Marginal Effect) shows the predicted percentage point change
in choice of the comfort option resulting from changing the default from prolong to comfort. The
number 0.361 indicates that shifting an individual from the prolong to the comfort default increases
that individual’s probability of choosing the comfort option by 36 percentage points (p < .01). The
p value here denotes the significance test for the null hypothesis that shifting them into the comfort

default has no impact.

Postinformed. After being informed of the defaults, a substantial fraction of respondents (15.4%
for those defaulted to comfort and 20.1% of those defaulted to prolong) picked a different number
of comfort choices. Among those defaulted to comfort, however, the number changing in each
direction approximately canceled out, so there were no significant net changes. In contrast, those
defaulted to prolong showed a robust (consistent across all five items) propensity to shift toward the
comfort option, consistent with a reactance effect. The change was greatest for dialysis (with a net
change of 11% toward the comfort option) and smallest for cardiopulmonary resuscitation (with

only 2% shifting toward the comfort option).

To examine the overall effect of defaulting choices for people, informing them that certain answers
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have been set as defaults, and then letting them choose again (this time with no defaults), we ran
regression analyses comparing the second phase of the comfort and prolong postawareness default
conditions (see the middle columns of Table B.4). The coefficient on comfort in the prolong column
is again significantly negative (p < .001), showing that participants in the comfort condition are
significantly less likely to choose the prolong option. Despite postinforming respondents of the
defaults and allowing them to revise their responses, we found that their second responses were
still affected by the original default, although the effect was quantitatively smaller (17.5 percentage
points; see the second row of Table B.4) than reported for the first round. Their likelihood of
choosing to let an agent make the decision for them relative to choosing comfort is not significantly

different.

Preinformed. The last two columns of Table B.4 report the effect of defaults in the preinformed
treatment. The likelihood of choosing prolong compared with comfort is significantly lower for
those in the comfort default (p < .01). The magnitude of the log-odds change is smaller than in the
postinformed condition, and the shift from not making a choice into comfort is no longer significant.
However, the marginal effects in the bottom row of Table B.4 show that the comfort default increases
the probability of choosing the comfort option by 33 percentage points, which is about the same as
in the first-stage responses to the postinform conditions, in which respondents had not been alerted
to the defaults. According to this analysis, preinforming people of defaults had, at most, a small

impact on their effectiveness.

As a more direct test of whether preinforming respondents affected the impact of the defaults, we
pooled both default conditions (comfort and prolong) and defined a variable that was equal to 1 if the
respondent, in the first phase, chose an option other than the one to which they had been defaulted.
We then regressed this variable through a series of several (related) specifications: initially using
only a binary indicator of whether they had been preinformed, then adding all control variables,
and finally including a binary indicator for the comfort default, plus the interaction term between

comfort and preinformed. In none of these specifications did either the preinform variable or the
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interaction term approach significance, suggesting that preinforming respondents about the default

does not diminish their tendency to stick with the default.

Analysis of individual items. Table B.5 presents multinomial logistic regressions for each individ-
ual option. As before, we compare the changes in log-odds of choosing the prolong and no-choice
options relative to the comfort baseline. Each regression includes terms for the comfort default
condition (estimating the effect of the default for someone who is postinformed), the preinformed
condition (estimating the effect of preinforming someone in the prolong condition), and their

interaction (allowing us to calculate the effect of the default for someone who is preinformed).

From the table, it can be seen that the comfort default for those who have not been preinformed
significantly reduces the likelihood of choosing the prolong option, relative to the comfort option,
in three of the five items (p < .01 for CPR and ICU and p < .05 for ventilator use). The fourth row
of the table shows that being defaulted into comfort increases the overall probability of choosing
comfort in the CPR and ICU decisions by approximately 15 percentage points. The marginal effects
for the remaining choices are substantially smaller and nonsignificant. The default does not affect
significantly the likelihood of making no choice, compared with picking the comfort option, on any

of the individual items.
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Table B.5: Multinomial Logistic Regression on the Choice when Filling out the Advance Directive for the Second Time (with No Default).
Note. The baseline is the comfort choice. The marginal effects show the change in likelihood of selecting the comfort option when the
default changes from prolong to comfort for someone who is at the mean of our sample and not preinformed, as well as the effect of
preinforming someone who is at the mean of the sample and defaulted into the comfort option. Included are controls for population
(Carnegie Mellon University and New York Times), gender, age, age squared, ethnicity, and religiosity. CPR = cardiopulmonary
resuscitation; ICU = intensive care unit. *p <.05. **p < .01. ***p < .001.

CPR ICU Ventilator Dialysis Feeding tube
Prolong No choice Prolong No choice Prolong No choice Prolong No choice Prolong No choice
Comfort -1.084** -0.339  -1.111%** -0.260 -0.870* -0.166  -0.431 -0.209  -0.394 0.146
(0.351) (0.361) (0.361) (0.348) (0.398) (0.317)  (0.333) (0.340) (0.400) (0.314)
Preinformed -0.675* -0.803* -0.455 -0.401  -0.354 -0.519  -0.015 -0.275  0.058 -0.494
(0.322) (0.367)  (0.329) (0.347)  (0.338) (0.313) (0.306) (0.331) (0.342) (0.319)
Preinformed x 0.597 0.484 0.546 -0.085  0.319 0.179  -0.363 0.101 -0.312 0.009
Comfort (0.466) (0.494)  (0.478) (0.476)  (0.538) (0.441) (0.459) (0.465) (0.541) (0.444)
Marginal effect 0.146* 0.163%* 0.096 0.075 0.007
(comfort = 1) (0.060) (0.060) (0.065) (0.065) (0.065)
Marginal effect 0.044 0.049 0.056 0.065 0.095
(preinformed = 0) (0.063) (0.063) (0.065) (0.065) (0.064)




The second and fifth rows of Table B.5 address the question we are most interested in: whether
preinforming someone of the comfort default decreases their probability of choosing the comfort
option. If so, preinforming could decrease the intervention’s effectiveness. Preinforming subjects in
the prolong default does decrease the number of prolong and no-choice decisions but does not affect
the strength of the default effect in the comfort condition (the sum of the preinformed coefficient

and the interaction coefficient).

Advance directive preferences—Compulsory rules or mere guidelines? Finally, participants
indicated, after the second phase, whether their agent “must follow these instructions” (binding) or
whether these instructions should be treated “only [as] guidelines” (nonbinding). We examined the
association between the second-phase responses and the binding/nonbinding designation, as shown
in Figure B.3. Respondents who considered the directive to be binding were more likely to choose
the comfort option, and separate analyses revealed that the transpose is also true: Decisions favoring
comfort were more likely to be designated as binding than were decisions favoring prolongation of

life.

131



Figure B.3: Share of decisions by level of commitment. The figure shows the proportion of comfort
and prolong choices for people who wanted their decisions to be binding and not binding on their
health care provider, respectively. Error bars are included to indicate 95% confidence intervals.
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