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A B S T R A C T

Using data from a large representative survey, we document that consumers are very uncertain about the
emissions associated with various actions, which may affect their willingness to reduce their carbon footprint.
We then experimentally test two channels for the behavioral impact of such uncertainty, namely risk aversion
about the impact of mitigating actions and the formation of motivated beliefs about this impact. In two
novel large online experiments (𝑁 = 2, 219), participants make incentivized trade-offs between personal
gain and (uncertain) carbon impact. We find no evidence that uncertainty affects individual climate change
mitigation efforts through risk aversion or motivated belief channels. The results suggest that reducing
consumer uncertainty through information campaigns is not a policy panacea and that communicating scientific
uncertainty around climate impact need not backfire.
1. Introduction

Climate action takes place against a backdrop of considerable un-
certainty. Scientists face fundamental uncertainty about the speed of
climate change and its effect on economic output (Berger et al., 2017;
Pindyck, 2021; Barnett, 2023). On top of that, non-experts may be
uncertain about how a given behavior maps onto CO2 emissions. Un-
derstanding how uncertainty about CO2 emissions affects climate ac-
tion is therefore central to debates around the costs and benefits of
communicating scientific uncertainty about climate change (Budescu
et al., 2014; Fischhoff and Davis, 2014; Broomell and Kane, 2017)
and around the effectiveness of carbon labels or other information
campaigns (Camilleri et al., 2019; Imai et al., 2022).

However, it is unclear how such uncertainty about impact affects
individual mitigation behavior. While there is a large literature on risky
choices concerning monetary payoffs, mitigation behavior is different:
given the small and delayed effect of individual choices on the climate,
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its effects are not felt physically. Instead, motivations are psychological
in nature and depend on subjective beliefs, identity concerns, feelings
of guilt, signaling, etc. Little is known about how such belief-based mo-
tivations for mitigation react to uncertainty and information provision
about impact.

In this paper, we investigate the role of uncertainty in climate
mitigation behavior. We first present evidence to motivate the impor-
tance of the research question. Using data from an incentivized survey
in Imai et al. (2022), we show that people have little confidence in
their estimates about the impact associated with common consumer
products, and are indeed very uncertain about the CO2 emissions.

We then present two novel experiments to investigate two potential
ways in which uncertainty about carbon impact interacts with miti-
gation behavior. The first experiment studies whether people exploit
uncertainty to form motivated beliefs that emissions are small and
consumption is harmless, as happens in other types of ethical decision-
making (Kunda, 1990; Bénabou and Tirole, 2016). Such motivated or
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self-serving beliefs can reduce guilt from emissions and hence obviate
the need for behavior change. They can explain why people consistently
underestimate the emissions associated with the products they con-
sume (Camilleri et al., 2019; Imai et al., 2022) and the environmental
and health consequences of CO2 emissions (Semken, 2024). The for-
mation of self-serving beliefs may also interact with carbon pricing: as
CO2-intensive products become more expensive, the temptation to form
self-serving beliefs decreases (Hestermann et al., 2020; Serra-Garcia
and Szech, 2022).

In our experiment, participants may buy a virtual product. The
product is valuable, but buying it entails emitting CO2. The participants
receive a vague signal about the emissions associated with the product
and have to update their beliefs about the emission size. The signal
we use provides an opportunity for self-serving belief distortions, but
only in a condition where the incentives to hold self-serving beliefs are
known before the signal is seen. We find no evidence that uncertainty
is exploited by the participants to develop self-serving beliefs that the
emissions are low, nor do we find an interaction between prices and
belief formation.

The second experiment asks whether uncertainty affects behavior
because people are risk averse over carbon impact. Uncertainty about
the impact of emissions may reduce climate action if people do not
place much value on avoiding high amounts of (potential) emissions.
Theoretically, this requires that the marginal willingness to forgo per-
sonal benefits to avoid emissions declines with each additional unit of
emissions. A lot of work has focused on such risk aversion in monetary
gambles, but we know little about the willingness to mitigate as a
function of emissions amounts.

To test this mechanism, in our second experiment, a new set of
participants is offered the choice to buy another valuable but polluting
product. We find that participants have an increasing but concave
willingness to mitigate (WTM) CO2 emissions. However, contrary to
the predictions of standard decision theory, we do not find an effect
of uncertainty, as consumption of the polluting product is similar in
treatments with and without uncertainty about emissions.

Our findings contribute to several strands of literature. First, we
provide new evidence on the effect of information provision on climate-
related behaviors. While information campaigns are popular among
politicians, previous studies have found mixed evidence on the effect
of correcting beliefs about emissions: some labeling studies find small
reductions in emissions from informing consumers about the carbon
impact of, e.g., meat products (Camilleri et al., 2019; Lohmann et al.,
2022; Tilling, 2023), whereas other studies do not find such an ef-
fect (Imai et al., 2022). However, these studies do not isolate the
effect of uncertainty, as they study interventions that also shift the
expected size of the emissions and the beliefs about social norms. Other
papers run public good games in the lab to study the effects of un-
certainty about tipping points on individual contributions and climate
negotiations (Barrett and Dannenberg, 2012, 2014). In these studies,
uncertainty manipulation also shifts beliefs about others’ contributions
and the equilibrium of the game. Our experiments instead identify the
isolated effects of uncertainty on behavior.

Second, we contribute to the literature on motivated cognition. Lind
et al. (2019) and Stoetzer and Zimmermann (2024) show that people
do not avoid free information about the environmental consequences
of their actions, while Epperson and Gerster (2021) shows avoid-
ance of information concerning animal welfare in the meat industry.
We complement the existing evidence with a null results about self-
serving beliefs distortion about the size of environmental externalities.
In addition, we test, but we do not find support for the theoretical
prediction that the size of motivated beliefs depends on the incen-
tives to self-deceive, as theoretically shown in Schwardmann (2019)
and Hestermann et al. (2020).

A final contribution is methodological. Our experimental protocol,

in which participants can buy valuable but polluting products, can

2 
be adapted to investigate related questions about the behavioral eco-
nomics of climate change. Indeed, Schöller and Ulmer (2023), He et al.
(2024), and Woerner et al. (2023) run experiments whose design builds
upon Experiment 1 in this paper.

The outline of the paper is as follows. Section 2 formulates an illus-
trative theoretical framework on how motivated beliefs and risk aver-
sion affect consumers’ actions. Section 3 reanalyzes the data from Imai
et al. (2022) and provides the motivating evidence for the two novel
experiments presented in Section 4. Section 5 discusses possible reasons
for the null results, and additional results about visual attention and
the psychological mechanisms that could generate a concave WTM.
Section 6 discusses the implications of our findings.

2. Theoretical framework

The aim of this section is to show theoretically why uncertainty
about emissions size might matter for consumer behavior. The proofs
are in Online Appendix A.

Since mitigation activities do not have a direct, perceptible impact
on the consumer, we model the utility function as dependent on beliefs
about impact. Consider an agent whose utility is given by:

𝑈 (𝑏 ∣ 𝑣, 𝑚) = 𝑏𝑣 − 𝑚

[

𝑏𝐸𝐹 [𝑤(𝑐)] −
∑

𝑐∈𝐶
(𝑓𝑐 − 𝑓𝑐 )2

]

− (1 − 𝑚)𝑏𝐸𝐹 [𝑤(𝑐)],

here 𝑏 ∈ {0, 1} is an indicator equal to 1 if the agent buys the product,
∈ R+ is her valuation of a polluting product, 𝑐 is the amount of

emissions associated with the product drawn from a finite set 𝐶 ⊂ R+,
𝑚 ∈ {0, 1} is an indicator variable equal to 1 if the environment allows
for the formation of motivated beliefs, 𝑤 ∶ R+ → R+ is a function
mapping emission amounts to disutility from polluting, and 𝐹 , 𝐹 ∈
𝛥(𝐶) are two discrete distributions on the space of possible emissions.

istribution 𝐹 represents the objective probabilities while 𝐹 represents
he (possibly motivated) subjective beliefs of the agent at the moment
f purchase. Let 𝑓𝑐 denote the subjective probability attached to the
mount of emission 𝑐 ∈ 𝐶 and 𝑓𝑐 the corresponding objective beliefs.

Finally, 𝐸𝐹 is an expectation operator with respect to distribution 𝐹 .
When 𝑚 = 1, the agent can choose a belief distribution 𝐹 ≠ 𝐹 and

experience an expected disutility from polluting equal to 𝐸𝐹 [𝑤(𝑐)]. To
distort the beliefs, she needs to pay a cost ∑

𝑐∈𝐶 (𝑓𝑐 − 𝑓𝑐 )2. If 𝑚 = 0
instead, the agent cannot distort her beliefs (𝐹 = 𝐹 ). The psychological
cost of polluting, in this case, is 𝐸𝐹 [𝑤(𝑐)], and there is no cost for belief
distortions.

We interpret 𝑣 as the material utility of consumption net of the
(unmodeled) price. We interpret the disutility from polluting 𝐸𝐹 [𝑤(𝑐)]
as the psychological cost of imposing a negative externality on others.

There is a continuum of agents of mass 1 who share the same 𝑤 and
the same 𝐹 but with individual valuation 𝑣𝑖. Let 𝐺 be the cumulative
distribution function over possible valuation 𝑣 ∈ R+, where we assume
positive density 𝑔(𝑣) > 0 for all 𝑣 ∈ R+. 𝐺 and 𝐹 are independent
distributions.

Each agent makes two choices— she first chooses 𝐹 and then
ecides whether or not to buy the product. Note, again, that the choice
f 𝐹 ≠ 𝐹 is possible only in the environment 𝑚 = 1.

We use this framework to study how uncertainty about the size of
the emissions changes people’s behavior. First, we will show that people
manipulate their beliefs to believe that the emissions are lower than
they actually are and that these motivated beliefs lead more people to
buy the product. Afterward, we will prove that the average population
belief is more biased if people derive higher utility from buying the
product. Finally, we will show under which conditions more people buy
the product if there is more uncertainty about the size of the emissions.
The experiments we present in the rest of the paper will test these
theoretical predictions.
Proposition 1. When 𝑚 = 1, the following statements are equivalent:
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Fig. 1. Illustration of the belief and WTM elicitation interface. (a) Point-belief elicitation task. (b) Bins-and-balls belief elicitation task. Notes: Panel B shows an example in which
a participant stated 400 in the previous point belief elicitation task and is now asked to allocate 20 balls into five bins, centered around this number. See Online Appendix C.1
for screenshots of the interface.
Source: Adapted from Imai et al. (2022).
1. The agent buys the product, i.e., 𝑏 = 1.
2. The agent forms motivated beliefs, i.e., 𝐸𝐹 [𝑐] < 𝐸𝐹 [𝑐].

Intuitively, when an agent is able to form motivated beliefs and
decides to purchase the product, it is beneficial for her to form moti-
vated beliefs in order to alleviate the psychological cost associated with
polluting. Conversely, if she chooses not to buy the product, there is no
reason for her to incur the psychological cost of distorting her beliefs.
As a result, her subjective belief distribution aligns with the objective
one.

We will now present two corollaries of this result. For clarity, let 𝜓1
and 𝜓0 represent the fraction of agents who purchase the product when
motivated beliefs are possible and not possible, respectively. The first
corollary is:

Corollary 1.1. When 𝑚 = 1, 𝜓1 > 0 if and only if 𝐸𝐺
[

𝐸𝐹 [𝑐]
]

<
𝐸𝐺

[

𝐸𝐹 [𝑐]
]

.

This corollary indicates that to observe motivated beliefs at the
population level, there must be at least some agents purchasing the
product in an environment where motivated beliefs are possible. This
result is crucial because Experiment 1 will test for motivated beliefs,
and it provides a condition to assess whether the model predicts the
formation of motivated beliefs in our experimental setting.

The second corollary is:

Corollary 1.2. 𝜓1 ≥ 𝜓0 with strict inequality if and only if 𝜓0 < 1.

This corollary suggests that motivated beliefs are consequential as
they lead to an increase in the purchase of polluting products— a pre-
diction that our Experiment 1 will test. Intuitively, this occurs because
motivated beliefs reduce the psychological cost of polluting, making
it optimal even for participants with a relatively lower valuation of
the product to purchase it. The presence of motivated beliefs does not
affect the proportion of buyers only if everyone would have bought the
product even in the absence of such beliefs.1

Next, we study how motivated beliefs within the population re-
spond when individuals derive greater material utility from buying the
product. This could occur due to a decrease in the product’s price or
an increase in its appeal. Our goal is to replicate, within our simple
framework, the results of Hestermann et al. (2020), which suggest
that motivated beliefs are larger when the surplus from consuming the
product increases.

1 This case would realize if 𝑤(𝑐) = 0 for all 𝑐 and indifferent agents buy the
product.
3 
Proposition 2 (Motivated Beliefs and Incentives). Suppose two distribu-
tions of 𝑣, 𝐺1 and 𝐺2, are such that 𝐺2(𝑣) < 𝐺1(𝑣) for all 𝑣 ∈ R+. Motivated
belief distortions in the population are higher under 𝐺2, that is:

𝐸𝐺2

[

𝐸𝐹 [𝑐]
]

− 𝐸𝐺2

[

𝐸𝐹 [𝑐]
]

< 𝐸𝐺1

[

𝐸𝐹 [𝑐]
]

− 𝐸𝐺1

[

𝐸𝐹 [𝑐]
]

.

Intuitively, when the value of the product is higher, a larger mass of
agents buy the product, making it optimal for a larger number of them
to develop motivated beliefs.

Next, we consider environments where motivated beliefs cannot
emerge (𝑚 = 0) and examine a different behavioral channel, namely
risk aversion over carbon impact. In this context, we show that uncer-
tainty increases the mass of agents who buy the product if and only if
the disutility from emissions is concave with respect to emission size.

Proposition 3 (Risk Aversion). Consider the case in which 𝑚 = 0. Consider
furthermore two distributions of emissions 𝐹1 and 𝐹2 such that 𝐸𝐹1 [𝑐] =
𝐸𝐹2 [𝑐] and Var𝐹1 (𝑐) < Var𝐹2 (𝑐). The fraction of agents buying the product
is higher under 𝐹2 than under 𝐹1 if and only if the agents’ disutility from
emissions is represented by a concave 𝑤.

Intuitively, an increase in the variance of emissions raises the prob-
ability of both low and high emissions. A consumer with a concave
disutility for emissions will heavily discount the very high emissions,
decreasing the subjective expected cost of polluting, even if the ex-
pected emissions remain constant. As a consequence, her utility from
buying the product increases, making her more likely to buy it.

In Experiment 2, we will estimate the shape of the disutility from
emissions and will empirically test Proposition 3.

3. Motivating evidence: Subjective uncertainty about CO𝟐 emis-
sions

In this section, we provide motivating evidence behind our research
questions. To do so, we reanalyze the Climate Survey in Imai et al.
(2022). Whereas Imai et al. (2022) describes participants’ point esti-
mates, here we focus on the subjective uncertainty, which was also
measured in the survey. The results show that subjective uncertainty
about emissions is large and our research questions are relevant to
consumer choice. Below, we briefly describe the methodology of the
relevant parts of Imai et al. (2022), and Online Appendix D.1 presents
the relevant instructions.2

2 We refer the reader to Imai et al. (2022) for a complete description and
explanation of the survey design.
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Belief elicitation. In the Climate Survey of Imai et al. (2022), we elicited
participants’ beliefs about CO2 emissions generated 13 common con-
sumer products and activities, including food items, household appli-
ance use, and transportation (see Table C.1 in the Online Appendix).
We first elicited a point estimate for the modal value of the emissions.
To understand the participants’ confidence in their answers, we then
elicited the subjective probability distribution of the size of CO2 emis-
sions. For each product, we presented five ‘‘bins’’ centered around the
point estimate the participant reported and asked the participant to
allocate 20 balls into these five bins to represent the probability that the
value of the emissions is in each of them. Fig. 1 provides an illustration
of the elicitation screens (the screenshots of the interfaces are presented
in Online Appendix C.1).

We incentivized the elicitation by randomly selecting one of the bins
and scoring the answer against the most recent scientific estimates with
a randomized quadratic scoring rule to determine. This mechanism en-
courages participants to truthfully reveal their belief that the scientific
estimate falls in a particular bin (Schlag and van der Weele, 2013).

Implementation. We recruited 1,430 participants on Prolific (https://
www.prolific.com) between the 3rd and 6th December 2020, and 1,128
completed all the belief elicitation questions described in this paper. Af-
ter the belief elicitation, the survey continues with additional questions
that we describe and analyze in Imai et al. (2022). We restricted partic-
ipation to US residents, and we aimed to collect a sample representative
for age, gender, and ethnicity.3 Table B.1 in the Online Appendix shows
the demographic characteristics of the sample.

Results. We study participants’ uncertainty with three (nonexclusive)
nonparametric criteria based on the ball allocation. A participant is
Not certain if she puts at least one ball in a bin that does not contain
her point estimate. She is Less than 50% certain if she puts less than
10 balls in the bin which contains her point estimate: a ball allocation
that indicates a probability of more than 50% that the true value is at
least 5% away from the point estimate. She is Extremely uncertain if she
puts four or fewer balls in each of the three central bins: a distribution
which indicates a probability of at least 40% that the real value of the
emissions is at least 15% away from her best guess.

We chose these non-parametric measures as we aim to verify
whether participants are uncertain about the accuracy of their guesses.
These measures allow immediate and assumption-free ways to check if
people assign some probability mass to emission amounts that are far
from their point estimates. The exact quantification of this uncertainty
is beyond the scope of this paper.

Fig. 2 depicts the levels of uncertainty for each product. In each
case, at least 94% of the participants are Not certain, at least 85% are
Less than 50% sure, and at least 35% are Extremely uncertain. These
results show that people are aware of having very limited knowledge
about the carbon footprint of common products and activities.

4. Experimental designs and empirical analysis

Having established that people can be very uncertain about the
carbon impact of common products and activities, we now present
the two experiments investigating the effects of this uncertainty on
behavior. This section introduces the experiments sequentially. We pre-
registered Experiment 1 on the 8th May 2019 (https://aspredicted.org/
2yz6-95w8.pdf) and Experiment 2 on the 11th October 2022 (https://
aspredicted.org/6wjk-rdv7.pdf). Online Appendices D.2 and D.3 present
the instructions. Online Appendix C.6 describes the steps we took to
maximize the data quality.

3 We compared the demographic characteristics of study participants and
nformation from US Census Bureau (2022), and confirmed that our sample
s representative for gender and ethnicity, but not for age (Table B.2 in the
nline Appendix).
 £

4 
4.1. Experiment 1: Do participants form self-serving beliefs?

This experiment tests whether people exploit uncertainty to form
self-serving beliefs that emissions are lower than they actually are.
Fig. 3 displays the experimental timeline separately for each of the two
treatments.

Consumption decision. In this experiment, we offered participants the
opportunity to buy a single unit of a virtual product.4 If the participants
decided to purchase the product, they increased their payoff by the
product value of £2, minus the price at which we, the experimenters,
offered it. Importantly, purchasing the product entailed the emission
of CO2 into the atmosphere, equivalent to burning 60 liters of gasoline
(see below for how we implemented these emissions). We framed the
experiment as a market interaction, employing terminology such as
‘‘virtual product’’ and ‘‘price’’, to make it closer to a real-life purchasing
situation. At the end of the experiment, we collected demographic
information using a survey.

As we describe next, we orthogonally implemented three price
treatments and two information treatments, resulting in six treatments.
Each participant was assigned to a single treatment.

The implementation of the CO2 emissions. In the experiment, the partic-
ipants were asked to make decisions that could result in the emission
of CO2. To ensure that these emissions are consequential, we prepared
a monetary transfer to Carbonfund.org, an organization that offsets
CO2 emissions. Every time a participant made a decision resulting in
CO2 emissions, we decreased the amount of our transfer by £1.07,
the amount needed to offset the CO2 generated by burning 60 liters
of gasoline, which are the emissions generated by buying the ex-
perimental product.5 We explicitly communicated this procedure to
the participants. To enhance the external validity and maximize the
salience of the emissions, we always framed these decisions as choices
between private benefits and emitting CO2. We took several measures
to assure participants of the tangible nature of these CO2 emissions.
We emphasized the role of the no-deception policy in obtaining ethical
approval for the experiment. Additionally, we promised participants to
send them the invoice for the donation to Carbonfund.org (see Online
Appendix C.7) and actually did so. These measures were successful.
80% of the participants expressed trust in us following through with
our promises of buying offsets as described in the instructions. Online
Appendix B.4.2 shows that our results are robust to excluding the
participants who do not trust us.

Uncertainty treatments. Our primary focus is on the formation and
impact of beliefs about the CO2 emissions associated with the product
and the role of emission information. To study this, we employed
two treatments, called the Motivated and Unmotivated treatments, that
varied the nature of uncertainty about the size of the emissions.

In both treatments, there was uncertainty about the size of the
emissions: the participants knew that buying the product generated CO2
emissions equivalent to burning between 0 and 120 liters of gasoline. To
learn more about the exact size of these emissions, the participants had
to engage in an attentional task designed to mimic cognitively costly
information-gathering processes, such as an online search. The task
involved examining a matrix of numbers between 0 and 120, with the
most frequently appearing number (60) representing the emission size,

4 This product is virtual because it exists only inside the experiment; it is
ot a physical product nor a service. Nevertheless, the product is valuable to
he participants since their payoff from the experiment increases if they ‘‘buy’’
t.

5 Using a report from the US Environmental Protection Agency (United
tates Environmental Protection Agency, 2005), we calculate that burning
0 liters of gasoline produces 140 kg of CO2 emissions. At the time of the
xperiment, Carbonfund.org offset one metric ton of CO2 per every $10 (or

7.9) it receives in donations, so offsetting the products’ emissions cost £1.07.

https://www.prolific.com
https://www.prolific.com
https://www.prolific.com
https://aspredicted.org/2yz6-95w8.pdf
https://aspredicted.org/2yz6-95w8.pdf
https://aspredicted.org/2yz6-95w8.pdf
https://aspredicted.org/6wjk-rdv7.pdf
https://aspredicted.org/6wjk-rdv7.pdf
https://aspredicted.org/6wjk-rdv7.pdf
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Fig. 2. The percentage of participants who satisfy three uncertainty criteria. Notes: See the text for the definitions of the criteria.
Source: Data from the Climate Survey in Imai et al. (2022).
Fig. 3. Timeline of Experiment 1.
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measured in terms of the CO2 emissions generated by burning a liter
of gasoline.6 The participants had up to one minute to engage with the
task, after which we elicited their beliefs by asking them which number
they believed was the most frequently found in the table. Providing the
correct answer was rewarded with a bonus of £0.10, which incentivized
participants to report the mode of their belief distribution (Schlag et al.,
2015).7 We adapted this attention task from Ambuehl (2016), which
shows that the information-gathering strategy in this task is influenced
by incentives for subsequent decisions. We refrained from stating ex-
plicit probabilities, as there is evidence that more ambiguous settings
are conducive to forming motivated beliefs (Chance and Norton, 2015;
Engelmann et al., 2024).

The Motivated and Unmotivated treatments differ in the order in
which we presented the attentional task and the information about
the emission size. In the Unmotivated treatment, participants were
presented with the task prior to receiving any instruction about the
possibility of emitting CO2. They were instructed to find the most
frequently occurring number without any knowledge about the mean-
ing of the number within the experiment. In this way, we eliminated
any self-serving motives that might lead participants to distort their

6 The task can be found in Online Appendix C.2. The matrix contained 143
umbers drawn from the set {0, 20, 40, 60, 80, 100, 120}. The number 60, the

most frequently occurring, appeared 35 times, with 0 and 120 being the next
most frequent, each appearing 26 times. All other numbers appeared 14 times
each.

7 Note that the experiment had a third treatment which gave people
full information about the carbon impact of the product. This treatment
is analyzed and described in Pace and van der Weele (2020). We do not
analyze it here, due to concerns about internal validity. In particular, the lack
of full information about the belief distributions means we cannot be sure
that the expected value of emissions is constant in the different treatments.
Experiment 2 in this manuscript, therefore, provides higher quality evidence
on the effect of precise information on behavior.
 4

5 
attention or beliefs towards their economic interests. By contrast, in
the Motivated treatment, participants engaged in the task after they
had read the full experimental instructions. Consequently, they were
aware of the surplus they could obtain from the product and that the
correct answer to the task indicated the magnitude of the CO2 emis-
ions. Manipulating the timing of knowledge of the incentive scheme
s a standard design feature in experiments studying motivated cogni-
ion (Babcock et al., 1995; Schwardmann and van der Weele, 2019).
onsistently with Corollary 1.1, we hypothesize that the Motivated
reatment would lead to motivated beliefs, i.e., to a lower estimate of
he impact of the emissions. We also expect more people to buy the
roduct according to Corollary 1.2.

rice treatments. We also investigate the relationship between purchas-
ng decisions and prices. We implemented three price treatments that
aried the price of the product: a low price of £0.25, a medium price of
1, and a high price of £1.75. Participants were informed that the price
as randomly assigned and held no informational content regarding
mission size. We made sure of the participants’ understanding of this
spect by asking them a comprehension question on the topic.

These treatments enable us to test if the surplus from buying the
roduct has a causal effect on participants’ belief formation in the
ttentional task and, in turn, on the product’s purchase. Using a self-
ignaling model, Hestermann et al. (2020) predicts that when the
urplus from consuming a polluting product is higher (low prices),
eople will distort their beliefs to a larger extent, leading to a fur-
her increase in consumption. Our model makes the same prediction
Proposition 2).

ample and data collection. We recruited 714 participants using Pro-
ific.co, an online platform, between the 9th and 11th of May 2019. Of
hose, 304 participants were assigned to the Unmotivated treatment (87
aced a £0.25 price, 107 a price of £1.00, and 110 a price of £1.75), and

10 participants were assigned to the Motivated treatment (146 faced



D.D. Pace et al.

t

a
g
(
T
t
t

s
a
p
t
t
i
P
t

R
T
t
t
t
M
t
i
i

p
S

p
t
T
b
a

t
T
t

Ecological Economics 227 (2025) 108401 
Fig. 4. (a) Distributions of beliefs about the correct answer in the attention task in the Motivated and Unmotivated treatment. (b) Fraction of participants buying the product in
he Motivated and Unmotivated treatment. Notes: In panel (b), bars indicate 95% CI. Data from Experiment 1.
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£0.25 price, 125 a price of £1.00, and 139 a price of £1.75). Demo-
raphic information for 19 participants was not successfully recorded
11 and 8 from the Unmotivated and Motivated treatment, respectively).
hese subjects are included in the analysis when we run non-parametric
ests, but they are excluded in the regression analysis, which includes
he demographic controls.

Fifty percent of the participants identified as females, 42% are
tudents, and the average age is 29. We accepted only EU nationals
s participants. Participants earned a fixed reward of £1.60, with a
otential bonus payment contingent on their decisions. On average,
hey earned £2.04, and they took less than 13 min to complete the
asks. We obtained some of the participants’ demographic information,
ncluding gender, age, student status, and nationality, directly from
rolific.co. Following the participants’ decisions, we donated $911.40
o Carbonfund.org to offset CO2 emissions.

esults. We find no evidence of the formation of self-serving beliefs.
he left panel of Fig. 4 shows the distribution of beliefs in both
reatments, where the spikes are driven by the nature of the perceptual
ask. We cannot reject the hypothesis that beliefs about emissions are
he same in both treatments (Fisher’s Exact test, 𝑝 = 0.66, two-sided).
oreover, Table 1 provides the results of regressing beliefs from both

reatments on a dummy for the Motivated treatment controlling for
ndividual characteristics. The coefficient in Column (1) is positive,
ndicating that, if anything, participants in the Motivated treatment

believe that emissions are larger. Hence, the direction of the effect
is the opposite of what theories of self-serving beliefs and cognitive
dissonance would predict. However, the coefficient is not significantly
different from zero (𝑡(656) = 0.60, 𝑝 = 0.548, two-sided). Furthermore,
contrary to Proposition 2, we do not find evidence that people are
more likely to develop motivated beliefs when the product price is low.
The coefficient for the interaction of price and Motivated treatment in
Column (2) is not statistically significant (𝑡(654) = 1.18, 𝑝 = 0.237, two-
sided). Finally, we find no evidence that the Motivated treatment causes
eople to spend less time looking at the information, as we discuss in
ection 5.1.

This null result obtains despite substantial ambiguity: only 51% of
articipants answered the belief question correctly in the Unmotivated
reatment, even though they spent, on average, 50 s on the task screen.
hus, there was room for motivated subjects to perceive emissions to
e lower than they actually were: harder tasks foster motivated beliefs
s we discussed above.

We also test for differences in purchasing behavior between the
wo treatments. On average, 38% of the participants buy the product.
he right panel of Fig. 4 shows that behavior is similar in the two

reatments. Both a Fisher’s exact test and a 𝑡-test based on Column (3) of

6 
Table 1
Comparison between the Motivated and the Unmotivated treatments.

Beliefs Units

(1) (2) (3) (4)

Motivated 1.921 −4.406 0.040 0.051
(3.199) (6.226) (0.037) (0.074)

Price −4.242 −0.128**
(4.127) (0.045)

Price × Motivated 6.172 −0.022
(5.215) (0.060)

Controls Yes Yes Yes Yes
Observations 695 695 695 695
𝑅2 0.050 0.052 0.092 0.122

Notes: The models include observations from the Motivated and the Unmotivated
treatments, with the Unmotivated treatment as the baseline. Nineteen participants
for whom demographic characteristics were not recorded are excluded from the
regressions. The dependent variables are beliefs in columns (1) and (2), and purchasing
decisions (an indicator variable equal to 1 if the participant purchased the product) in
columns (3) and (4). Control variables include age, gender, student status, education
(6 categories), frequency of car usage (5 categories), and nationality (27 categories).
Robust standard errors are reported in parentheses. ∗: 𝑝 < 0.05; ∗∗: 𝑝 < 0.01; ∗∗∗:
< 0.001.

able 1 fail to reject that subjects are equally likely to buy the product
n the Motivated and in the Unmotivated treatment (Fisher’s Exact test:
= 0.483; 𝑡-test: 𝑡(656) = 1.07, 𝑝 = 0.285; both tests are two-sided).

y contrast, a higher product price has a strong independent impact
n purchasing behavior: Column (4) of Table 1 shows that an increase
n the price of one pound leads to a 13 percentage point decline in
urchases.

The fact that some people buy the product in the Motivated treat-
ent assures that our model predicts the emergence of motivated

eliefs in the experiment.

.2. Experiment 2: Does risk aversion towards carbon impact increase
olluting activity?

We now turn to a second potential channel through which un-
ertainty may matter: risk aversion. As we showed in Proposition 3,
ncertainty about emissions might increase the propensity of buying
olluting products if people’s disutility from emitting CO2 is concave
n emission size.

We investigate the risk aversion channel with a new experiment
ince in Experiment 1 the participants face the same amount of un-
ertainty in every treatment. In the experiment, we first elicit the
articipants’ valuation of CO2 emissions. After that we ask participants
hether they want to get a valuable but polluting product. The product
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Fig. 5. Timeline of Experiment 2.
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is valuable because it simplifies a real-effort task. Fig. 5 displays the
experimental timeline.

Valuation of CO2 emissions. We measured the participants’ disutility
from generating CO2 emissions by presenting them with trade-offs
between money and emissions. Specifically, participants were offered
a choice between Option A and Option B. Opting for Option A meant
forgoing any monetary gain but preventing the generation of CO2
emissions. In contrast, choosing Option B allowed them to earn money
but resulted in CO2 emissions. For a given CO2 emission level, the
participants had to make 15 choices where the amount of money they
could earn increased from £0 to £7 in 50 pence increments. These
decisions were embedded in a Multiple Price List (see Online Appendix
D.3), which enforced a single switching point. This switching point
gives the participants’ valuation for a given amount of CO2 emissions,
which we call Willingness To Mitigate (WTM) in the text and 𝑤(𝑐)
in the model. To gauge the participants’ certainty regarding their
valuations, we employed the ‘‘cognitive uncertainty’’ elicitation method
developed by Enke and Graeber (2023). This elicitation was skipped if
the participants never switched from Option A to Option B. In total, the
participants saw six Multiple Price Lists, each corresponding to one of
the following emissions levels: 0 kg, 4 kg, 8 kg, 12 kg, 16 kg, and 20 kg.
Half of the participants saw these lists in ascending order of emission
size, while the other half saw them in descending order. To help
participants understand the magnitude of the CO2 emissions involved
in the experiment, we wrote in the instructions that, on average, UK
residents emit 14 kg of CO2 per day (the sample of this experiment
comes from the UK).

Consumption decision. In the second part of the experiment, the partic-
ipants had the opportunity to receive a valuable yet polluting product,
framed as a ‘‘computer code’’, which significantly sped up the comple-
tion of a laborious real-effort task. This computer code is designed to
mimic a convenience product like a tumble dryer which saves a few
minutes of tedious work in exchange for emitting a few kilograms of
CO2.8

The task involved typing 15 strings, each consisting of 15 char-
acters, in reverse order (Figure C.5 in the Online Appendix). The
participants were required to transcribe these strings flawlessly to
complete the task: any mistakes led to an error message specifying the
strings needing correction before they could proceed with the exper-
iment. To ensure task completion without interruption and to make
the task sufficiently annoying, we implemented an attention check. The
participants saw a warning sign every 30 seconds, and upon its appear-
ance, they had a 5-second window to click on a button on the screen to
confirm their active engagement with the task. The participants were
excluded from the experiment if they failed to click the button within
the specified time window in more than four instances.

The participants were required to complete the real-effort task once
without the help of the computer code— they spent on average 8 min
and 40 s on this first iteration of the task. Then, before engaging with
a second iteration, they had the chance to obtain the computer code.

8 In this experiment we used a convenience product instead of the virtual
roduct of Experiment 1 to make the purchase more intuitive to participants.
e also changed the size of CO2 emissions to make them more comparable to

veryday consumption decisions.
 T

7 
he code automatically generates all the correct answers for the task.
f the participants get the code, they can complete the second iteration
y simply clicking one button to submit the answers generated by the
ode.

Obtaining the code came at the cost of emitting CO2— we imple-
ent these emissions using the same procedures as in Experiment 1

see below for further details). There are two treatments that varied
he information participants had about the size of the CO2 emissions. In
he Information treatment, participants were informed that purchasing
he product would result in emissions equivalent to 4 kg of CO2. In
ontrast, in the Uncertainty treatment, participants were informed of
probability distribution: a 40% probability of emissions being 0 kg,
20% probability of emissions being 4 kg, and a 40% probability

f emissions being 8 kg. Online Appendices C.4 and C.5 present the
nformation and decision screens.

Differently from Experiment 1, we informed the participants about
he objective beliefs distribution of the emissions as we wanted to
eep constant the (subjective) expected value of emissions in both
reatments. Furthermore, the explicit mention of the beliefs distribu-
ion limits the scope for motivated beliefs (Engelmann et al., 2024).
his feature allows a cleaner analysis of the relationship between the
articipants’ behavior and their WTM. We also told participants that
hey: ‘‘will get more information about the exact emission size later in
he experiment’’ and indeed revealed the emission size at the end of
he experiment. This feature ensures that the participants will get to
now about the size of the emissions they are generating and hence
an experience the related psychological disutility from polluting.

urvey. After the participants made the decisions about the computer
ode but before they completed the second real-effort task, they filled
n a questionnaire. A battery of questions elicits people’s moral eval-
ations of emissions-money trade-offs. Further questions in the survey
sk about attitudes towards climate change and demographic charac-
eristics.

he implementation of the CO2 emissions. To implement the CO2 emis-
ions, we follow the same procedures as in Experiment 1. In this case,
4% of the participants said they believed that we would buy the CO2
ffsets as described in the instructions. Appendix B.4.2 shows that our
esults are robust to excluding the participants who do not trust us.

ample and data collection. We recruited 1,935 participants through
he online platform Prolific.co on January 5th, 2023. Following the
reregistration, 1,505 participants who successfully completed the final
urvey were included in the analysis. Among them, 753 participants
ere assigned to the Information treatment, while the remaining 752
ere assigned to the Uncertainty treatment. Fifty percent of the par-

icipants identified as females, and the average age is 39 (min = 18,
ax = 79, SD = 12.51). We restricted participation to individuals based

n the UK. Subjects earned a fixed reward of £3, with the potential for
bonus payment based on their decisions. On average, they earned

3.66, and they took about 34 min to complete the tasks. Following the
articipants’ decisions, we donated $160 to Carbonfund.org to offset
O2 emissions.

esults. To understand whether WTM is concave, Fig. 6a shows the
TM curve aggregated over all subjects. The figure shows that subjects,

n average, display a diminishing WTM to reduce carbon emissions.
hey are willing to sacrifice about £2.7 to avoid 4 kilograms of CO
2
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Fig. 6. (a) Aggregate WTM. (b) Purchasing decision and uncertainty.
Notes: In panel (b), the light-gray bars correspond to the group of subjects whose WTMs exhibit concavity. Bars indicate 95% CI. Data from Experiment 2.
emissions, whereas to avoid 20 kilograms of emissions, they are willing
to forgo only £4. That is, the WTM increases by less than 50% when
the amount of CO2 increases by 500%. The graph shows that this
effect is robust if we exclude subjects who have decreasing valuations
(a possible sign of confusion) and who are top-censored (i.e., they
select the maximum WTM of £7 at least once, which could produce
concavity as an artifact). Appendix B.3.2 contains further details about
the variation in concavity across subjects. Section 5.2, instead, discusses
how neither cognitive uncertainty nor concave moral evaluations seem
to explain the concavity of the WTM.

We now turn to our main outcome, the purchase of the polluting
computer code, which simplifies the real-effort task. On average, 69%
of the participants buy the code.

In line with the reasoning above and our finding that WTM is con-
cave, we hypothesize that uncertainty increases the fraction of subjects
who purchase the polluting product. We do not find support for this
hypothesis. The left bars in Fig. 6b show that purchasing decisions are
similar in the two treatments (68.5% vs. 69.3%, 𝑧 = 0.3168, 𝑝 = 0.7514,
two-sided). It is possible, however, that there are offsetting effects for
subjects with concave and convex WTM. The right bars in Fig. 6b show
the treatment difference only for participants with a concave WTM.
Again, we find little evidence for the hypothesized effect (62.2% vs.
62.7%, 𝑧 = 0.1494, 𝑝 = 0.8813, two-sided).

To provide further statistical backup, we run several models, re-
gressing the purchasing decision on the treatment, several concavity
scores, and the interaction of these two (Table B.6 in the Appendix).
We also include the average WTM and several demographic controls.
We find little evidence for our hypothesis. Only a single specification of
concavity score produces a significant interaction with the information
treatment dummy, yet this effect is not robust to other concavity
measures. However, we do find a statistically significant negative effect
of the average WTM on purchasing decisions, showing that the WTM
data is predictive of subjects’ decisions to get the computer code. We
also find some demographic effects, as young people are less likely to
buy than old, women less than men, and left-wing less than right-wing
(Figure B.2 in the Appendix).

5. Discussion

In this section, we discuss whether our null results may be an
artifact of the experimental design. Then, we document the effect
of the Motivated treatment on information processing time in Experi-
ment 1. Finally, we discuss possible cognitive mechanisms underlying
the concavity results observed in Experiment 2.
8 
5.1. Interpreting the null results

Are our null results informative about the public’s reaction to cli-
mate information? One might worry that they are an artifact of the
experimental setups. Here, we discuss a few potential issues.

Lack of individual impact. A possible driver for the null results in our
experiments is that people perceive their actions to have a minimal
impact on climate change. Indeed Semken (2024) shows that people
underestimate by two orders of magnitude the environmental and
health effects of CO2 emissions and wrongly believe their individual
actions to have limited effects if others do not behave sustainably.

Such an argument leads to the prediction that participants should
disregard the CO2 in the experiment and maximize their private utility.
Yet, this prediction does not find support in the data. 30% of the
participants declined to buy the computer code in Experiment 2, and
65% do not buy the product in Experiment 1. In Experiment 2, all
participants but 19 (1.2% of the sample) have a positive WTM when
emissions are equal to 4 kg (the lowest possible emission level in the
experiment).

The participants’ behavior indicates that they are willing to make
sacrifices to reduce CO2 emissions. Hence, it is incompatible with the
hypothesis that the perceived limited impact of one’s action is a driver
of the null results.

Participants are insensitive to emission size. Another possible explanation
for the null result is that participants dislike emitting CO2, but they are
unable to appreciate the difference between the various emission sizes.
As a result, their behavior is not affected by the precise amount of CO2
emitted. This insensitivity could account for the null result. If people
do not care about the exact size of emissions, they have no reason
to form motivated beliefs. Furthermore, if their valuation of emissions
remains constant regardless of emission size they will not respond to
the presence of uncertainty.

There are several pieces of evidence that point against this expla-
nation of the null result. First, we can check if there is a relationship
between the participants’ beliefs about emissions and their probability
of buying the product in Experiment 1. The insensitivity argument
presented above predicts that the participants are equally likely to buy
the product independently of their beliefs. To test this hypothesis, we
focus on the Unmotivated treatment in which the participants solved the
attention task before knowing what the answer to the task mean within
the experiment. Table B.4 in the Appendix shows that the probability of
buying the product decreases with the beliefs, a finding that contradicts
the insensitivity hypothesis. While this evidence is correlational (the
beliefs are endogenous), it is hard to construe a reason why the partic-

ipants’ answers to the task might be correlated with purchase behavior
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Table 2
Time spent on the attention task.

(1) (2) (3)

Accuracy Response time

Motivated treatment 0.042 1.593 0.082
(0.039) (2.994) (1.508)

Controls Yes Yes Yes
Observations 694 694 632
𝑅2 0.052 0.067 0.079

Notes: The models are linear regressions. The dependent variables are: (1) a dummy
variable indicating whether the participant correctly identified the most frequently
occurring number (60) in the attention task, and (2–3) the time spent on the attention
task (in seconds). The models include observations from both the Motivated and the
Unmotivated treatments, with the Unmotivated treatment serving as the baseline. The
first two columns include all participants for whom demographic data were recorded,
except one for whom the program did not record the time spent on the task. The third
column includes only participants who spent less than 70 s completing the attention
task. Control variables include sex, age, student status, education (6 categories),
frequency of car usage (5 categories), and nationality (27 categories). Robust standard
errors are reported in parentheses. ∗: 𝑝 < 0.05; ∗∗: 𝑝 < 0.01; ∗∗∗: 𝑝 < 0.001.

ia omitted variables: in the Unmotivated treatment, the participants do
ot know anything about the purchase opportunity while completing
he attention task.

Second, we can turn to Experiment 2 and check whether the par-
icipants’ valuation of CO2 emissions increases with emission size.
ppendix B.3.2 shows that only 317 participants (21% of the sample)
ave a constant willingness to pay to avoid emissions, a finding in-
onsistent with the hypothesis that people are insensitive to emission
ize. The right bars in Fig. 6 show that these participants are not
riving the results. The null result persists if we focus only on subjects
ith a strictly concave WTM, which are the ones that should increase

onsumption in the Uncertainty treatment according to our model

ffort in the attention task. In this analysis, we investigate a potential
onfound in Experiment 1. The Motivated treatment may give partic-

ipants more reason to pay close attention to the task in the Motivated
treatment as they know that the task is informative about the size of the
emissions. If the participants indeed put more effort into the task, this
could explain why we do not find motivated beliefs in the experiment.

To evaluate this, we look at participants’ efforts in two ways. First,
we check if the participants are more likely to give the correct answer
in the task in Motivated rather than in the Unmotivated treatment. We
find that 55% of participants gave the right answer in the Motivated
treatment, which is not significantly larger than the 51% that gave the
right answer in the Unmotivated treatment (Fisher’s exact test, 𝑝 = 0.29,
two-sided). Column (1) of Table 2 confirms this null result, regressing
the participant’s answers to the task on a dummy for the Motivated
treatment and on demographic controls.

Second, we look at the time subjects spend completing the attention
task. Not only does this variable offer a proxy for effort, but it is also of
interest because recent findings in economics and neuroscience suggest
that dwell time on a piece of information causally increases the weight
given to that information in subsequent decisions (Pärnamets et al.,
2015; Engelmann et al., forthcoming; Li and Camerer, 2022; Amasino
et al., 2024). In the context of our study, we observed no substan-
tial differences between the Motivated and Unmotivated treatments. In
Column (2) of Table 2, we regress the time the participants spent on
the task (in seconds) on a dummy for the Motivated treatment and on
demographic controls. We observe that participants in the Motivated
treatment spent 1.6 s more on the task. However, this difference is not
statistically significant (𝑡(655) = 0.53, 95% CI [−4.29, 7.47], 𝑝 = 0.595,
two-sided). Column (3) confirms this finding, focusing solely on the
91% of participants who completed the task in less than 70 s. This
subset represents individuals for whom we can be most confident that
they did not take any breaks between receiving the information and
providing their responses (the information was displayed for up to

60 s).

9 
Overall, our data does not support the hypothesis that differences
in effort across treatments explain the null result concerning motivated
beliefs.

Preferences for consistency. Another concern is that the null result in
Experiment 2 is due to preferences for consistency. A participant who
indicates a positive WTM in the first part of the experiment might feel
like he has to abstain from getting the computer code in the second
to act consistently. However, preferences for consistency are unlikely
to explain the null result. As our theoretical model shows a participant
with a concave WTM and acting consistently with it should be more
likely to buy the computer code in the uncertainty treatment. Yet, we
do not find that this is the case. In addition, we took several steps
in the experiment to make sure that the two decision environments
were dissimilar. The Willingness to Mitigate (WTM) elicitation involved
a Multiple Price List, while the purchase decision involved a Yes/No
question. Moreover, the value of the computer code depends on the
subjective evaluation of the cost of effort, meaning that even environ-
mentally conscious participants might find it optimal (and acceptable)
to buy the computer code if they particularly dislike the task. These two
features ensure that there is no clear reason why a participant with a
positive WTM should avoid buying the product for consistency with
previous choices.

Ceiling effects. Finally, one might worry that our null results are due to
ceiling effects. This is unlikely to be the case. In Experiment 1, 63.5%
of participants do not buy the product in the Unmotivated treatment,
indicating that purchase levels are far from the ceiling.

In Experiment 2 instead, 30% of the participants do not buy the
computer code in the Info treatment, leaving ample room for uncer-
tainty to increase demand. What is more, the null result replicates in a
subsample where buying behavior in the Info treatment is considerably
lower. In particular, in the final questionnaire, we asked participants to
indicate how annoying the real-effort task was on a scale from 1 (not
annoying at all) to 5 (absolutely annoying). Of the 58% of participants
that answered three or less to this question, 38% do not buy the product
in the Info treatment. Yet the null effect of uncertainty on behavior
persists in this subsample (Fisher’s exact test, 𝑝 = 0.62, two-sided).

Overall, we can exclude that ceiling effects artificially generate the
null effects we document in the paper.

5.2. Psychological mechanisms behind concavity of WTM

We empirically explore two potential psychological mechanisms
that may give rise to a concave WTM curve. The first mechanism
relates to individuals’ inability to appreciate increasingly large (and
unfamiliar) amounts of emissions. The second mechanism considers the
possibility that the concavity in WTM arises from concave moral judg-
ments about the acceptability of causing different levels of emissions.
Our data does not support either of these two mechanisms.

Increasing cognitive uncertainty. People may perceive the questions in-
volving larger emission quantities as more challenging due to the
inherent complexity of visualizing the precise scale of higher levels of
emissions. This heightened level of complexity can lead participants
to experience greater cognitive uncertainty when deciding their WTM,
making them less sensitive to variations in increases in emission sizes.
This relation between cognitive uncertainty and valuation can generate
a concave WTM curve within the framework of an ‘‘anchoring and
adjustment’’ model, in which the weight attributed to the anchor
increases with cognitive uncertainty (Enke and Graeber, 2023). The
anchor, in this case, is the default behavior of not compensating for
CO2 emissions, as is typical in everyday life.

The anchoring and adjustment model predicts the concavity of
WTM under two conditions: (a) individuals generally do not engage
in emissions offsetting, making an anchor value of £0 a plausible

assumption, and (b) cognitive uncertainty increases with emission size.
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Table 3
Concavity of WTM and cognitive uncertainty.

(1) (2)

Emissions 0.0762*** 0.0782***
(0.0042) (0.0047)

Cognitive uncertainty 0.0013 0.0011
(0.0092) (0.0099)

Cognitive uncertainty ×Emissions 0.0005 0.0004
(0.0007) (0.0008)

Baseline WTM 0.7876*** 0.8093***
(0.0251) (0.0275)

Constant −0.3045 −0.2408
(0.3505) (0.3740)

Controls Yes Yes
Observations 4,924 4,148
Clusters 1,231 1,037
𝑅2 0.5261 0.5401

Notes: The dependent variable is WTM. The first column includes only participants
with uncensored WTM values for all six emission amounts. The second column further
excludes participants who stated they offset all their emissions or that they ‘‘often’’
offset their emissions. Control variables include age, gender (male, female, other),
political affiliation (5 categories), education (6 categories), income (7 categories), and
time needed to complete the first real-effort task. Standard errors clustered at the
individual level are reported in parentheses. ∗: 𝑝 < 0.05; ∗∗: 𝑝 < 0.01; ∗∗∗: 𝑝 < 0.001.

e find empirical support for both of these underlying assumptions.
pecifically, over 82.7% of our participants reported to ‘‘Never’’ or
‘Rarely’’ compensate for their emissions. Furthermore, in a regression
hat controls for demographic characteristics, we find that cognitive
ncertainty increases with emission size (𝑡(1231) = 8.132, 95% CI
0.067, 0.109], 𝑝 < 0.001, two-sided).

However, our analyses do not reveal significant evidence of a rela-
ionship between cognitive uncertainty and the concavity of the WTM
urve. Table 3 presents the results of a regression in which the WTM is
egressed on (a) cognitive uncertainty, (b) emission levels, and (c) the
nteraction between cognitive uncertainty and the emission levels (d)
ndividual controls, including the WTM for emission levels of 4 kg. The
nteraction between the emissions and cognitive uncertainty is included
o explore whether subjects who are more cognitively uncertain are less
ensitive to an increase in emission amounts. This is a prediction of the
nchoring and adjustment model, and it implies a negative coefficient
or the interaction term. The regression includes the WTM for emission
evels of 4 kg to control for the fact that participants with a higher

TM are mechanically more sensitive to an increase in the size of
he emissions. Since we include this control, we only use the WTM
or emission levels above 4 kg as the dependent variable. The results
eported below would be unchanged if we dropped the control for the
TM for emission levels of 4 kg and included all the observations.
Column (1) of Table 3 shows that the coefficient for the interaction

erm is small in magnitude and insignificant (𝑡(1230) = 0.755, 95% CI
−0.001, 0.002], 𝑝 = 0.451, two-sided). Column (2) restricts the sample
o subjects who ‘‘Never’’ or ‘‘Rarely’’ compensate for their emissions
nd confirms the null result (𝑡(1036) = 0.582, 95% CI [−0.001, 0.002],
= 0.561, two-sided).

Another approach to assess the relationship between cognitive un-
ertainty and a concave WTM leverages individual variations in the
ncrease of cognitive uncertainty as emission rises. The subjects for
hich the cognitive uncertainty increases the most should be more

ikely to have a concave WTM. To test if this relationship is supported in
he data, we define 𝐶𝑈 𝑗 (𝑒) as the cognitive uncertainty of participant 𝑗
t emission level 𝑒. The increase in cognitive uncertainty can then be
uantified as:

𝐶𝑈 = 𝐶𝑈 𝑗 (𝑒) − 𝐶𝑈 𝑗 (0),

here 𝑒 denotes the highest emission level for which the participant
eported an uncensored WTM. We regress the concave-WTM dummy

n 𝛥𝐶𝑈 and find that there is no statistically significant correlation

10 
able 4
oncavity of WTM and morality.

(1) (2) (3) (4)

Concavity of moral judgment (𝜙) 0.022 0.020 0.016 0.045
(0.020) (0.020) (0.021) (0.026)

Constant 0.212 0.202 0.233 0.153
(0.121) (0.125) (0.128) (0.143)

Controls Yes Yes Yes Yes
Observations 1,504 1,430 1,373 1,100
𝑅2 0.040 0.040 0.042 0.040

Notes: The dependent variable is concave, a dummy variable equal to 1 if the
WTM curve is classified as either ‘‘concave’’ or ‘‘concave† ’’ based on the classification
discussed in Appendix B.3.2. The samples become increasingly restrictive from left
to right. Column (1) includes all participants. Column (2) excludes participants who
failed the attention check embedded in the moral judgment elicitation. Column (3)
excludes participants whose 𝑚𝑗 (𝑒) are decreasing in 𝑒. Column (4) excludes participants
whose WTM curve is either decreasing or non-monotonic. Control variables include
age, gender (male, female, other), political affiliation (5 categories), education (6
categories), income (7 categories), and time needed to complete the first real effort
task. Robust standard errors are reported in parentheses. ∗: 𝑝 < 0.05; ∗∗: 𝑝 < 0.01; ∗∗∗:
< 0.001.

etween the two variables (𝑡(1082) = −0.431, 95% CI [−0.004, 0.003],
= 0.666, two-sided).9

Based on these two analyses, we conclude that there is insufficient
upport for the idea that cognitive uncertainty is a driver of concavity
n the WTM curve.

oncave moral valuations. Another potential psychological channel that
ay explain a concave WTM relates to concave moral judgments. In-
ividuals might perceive emitting 4 kg of CO2 as considerably morally

worse than emitting 0 kg, while the moral distinction between emitting
4 kg and emitting 20 kg might seem relatively minor. Such concave
moral evaluations might, in turn, influence and shape the participants’
WTM.

Let 𝜇𝑗 (𝑒, 𝑘) ∈ {1, 2,… , 7} denote the moral evaluation assigned
by participant 𝑗 to emitting 𝑒kg of CO2 in exchange for £𝑘, where
he range spans from ‘‘morally very appropriate’’ (1) to ‘‘morally very
nappropriate’’ (7). These evaluations are collected for each 𝑒 ∈ 4, 12, 20
nd 𝑘 ∈ 1, 5. We aggregate these moral judgments by computing their
verage over the two values of 𝑘, yielding 𝑚𝑗 (𝑒) = (𝜇𝑗 (𝑒, 1) + 𝜇𝑗 (𝑒, 5))∕2.
his composite measure is labeled as ‘‘Morality’’. Finally, we compute
he variable 𝜙𝑗 as:

𝑗 = 𝑚𝑗 (12) −
𝑚𝑗 (4) + 𝑚𝑗 (20)

2
.

A positive value of 𝜙𝑗 indicates that the moral valuation of participant 𝑗
is concave. The average 𝜙 is 0.107, which is positive and statistically
significant (𝑡(1504) = 7.08, 95% CI [0.078, 0.137], 𝑝 < 0.001, two-sided),
suggesting that moral judgments are indeed concave.

To investigate whether the presence of concave moral valuations is
linked to a concave WTM, we regress the ‘‘concavity’’ dummy, which
is equal to 1 if a participant exhibits a concave WTM, on the variable
𝜙𝑗 . The results presented in Table 4 indicate that concavity in moral
valuations has limited predictive power regarding the concavity of
WTM. Column (1) includes all the observations and shows no signif-
icant relationship between the two variables (𝑡(1482) = 1.078, 95% CI
[−0.018, 0.062], 𝑝 = 0.281, two-sided). Columns (2) to (4) shows that the
result is robust to excluding inattentive participants.

9 We follow the classification of individual WTM curve discussed in Ap-
endix B.3.2. Note that the concave-WTM is a dummy variable taking a value
f 1 when the WTM curve is characterized as either ‘‘concave’’ or ‘‘concave†’’ in
he classification. In this analysis, we excluded participants whose WTM curves
ere classified as decreasing or non-monotonic. Additionally, participants with
nly an uncensored WTM value at 𝑒 = 0 were also excluded, as 𝛥𝐶𝑈 is
undefined for this subgroup.
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6. Conclusions and implications

We investigate the role of uncertainty about the impact on climate
mitigation efforts. We document that people are uncertain about the
CO2 emissions associated with common consumer products, comple-
menting previous evidence that people’s best guesses about the size
of CO2 emissions are often too optimistic (Camilleri et al., 2019; Imai
t al., 2022). Yet, we find no evidence that uncertainty affects climate
ction through either risk aversion or the formation of motivated
eliefs about the magnitude of emissions. Our findings suggest that
hile consumer information may reduce uncertainty, this alone may
e insufficient to spur voluntary reductions in emissions. At the same
ime, our results also suggest that scientists can be upfront about the
ncertainty of their estimates without fear of providing an excuse for
olluting behavior.

Another set of implications stems from our finding that consumers’
illingness to mitigate the first units of CO2 is much higher than for

ubsequent units, a finding in line with concurrent evidence (Rode-
eier, 2023). The first implication is that consumers’ behavior should

e sensitive to reference points and to the framing of emission impact.
or instance, framing multiple emission events separately may lead
o a higher willingness to avoid or offset them than framing them as

single event. Future research could explicitly test this prediction.
second implication concerns the use of people’s WTM to offset

missions to calculate the benefits of climate policies. The literature has
o far relied on linear extrapolations of the WTM for a single emission
mount to compute the benefits of reducing one ton of CO2 in the
tmosphere (Nemet and Johnson, 2010; Löschel et al., 2013; Diederich
nd Goeschl, 2014). Our results strongly suggest that future studies
hould measure individual WTM to avoid several emission amounts
nd use nonlinear models to estimate these benefits accurately. It is
easonable to expect that the two implications above hold, albeit we did
ot find that the concavity of the WTM curve generates risk aversion
owards emissions. The participants’ WTM is significantly associated
ith their probability of buying the polluting product. Hence, the WTM

s a meaningful predictor of consumption behavior and environmental
references.
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