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Abstract

Policy makers frequently champion information provision about carbon impact on

the premise that consumers are willing to mitigate their emissions but are poorly

informed about how to do so. We empirically test this argument and reject it. We

collect an extensive new dataset and find both large misperceptions of the carbon

impact of different consumption behaviors and clear preferences for mitigation.

Yet, in two separate experiments, we show that correcting beliefs has no effect on

consumption in large representative samples. Our null results are well-powered

and informative, as we target information for maximal impact. These results call

into question the potential of correcting carbon footprint misperceptions as a tool

to fight climate change.
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1 Introduction

Reducing the emission of greenhouse gases is one of the most pressing challenges of

our time. Carbon pricing, a potential remedy, is politically contentious. Thus, policy

makers frequently stress the role of information about CO2 emissions to consumers and

producers. For instance, the European Commission’s “Farm to Fork Strategy” pro-

poses an extensive carbon labeling strategy, while its “New Consumer Agenda” argues

for “more reliable information on sustainability” (European Commission, 2020). In

the US, the proposed, but ill-fated, American Clean Energy and Security Act of 2009

contained provisions to study and implement carbon information aimed at consumers

(Waxman and Markey, 2009), while the Department of Agriculture and the EPA im-

plement greenhouse gas labels for various products. Corporations are also interested

in carbon labeling, as evidenced by initiatives from large European retail chains like

TESCO, Casino, and E.Leclerc (Taufique et al., 2022).

Underlying all these information initiatives is an implicit argument, which presumes

that people care about reducing emissions but may underestimate the impact of their ac-

tions. From these premises, it follows that when misperceptions about emission sizes are

corrected, consumers adjust their behavior and reduce emissions. Indeed, the Commis-

sion states in relation to the green transition that it “aims to ensure [...] that consumers

have better information to be able to make an informed choice.”1

In this paper, we test this argument empirically and show that it is flawed. We pro-

ceed in several steps. First, to test the argument’s premises, we survey a representative

sample of US consumers (N = 1, 022). We collect point estimates and belief distri-

butions about the carbon impact of several products and actions. We then measure

valuations of carbon emissions for the same consumers, using a willingness to pay for

different amounts of carbon offsets. We find that consumers generally underestimate

carbon impact; the largest underestimates exist for high-carbon-impact food categories

such as beef and coffee. Valuations of carbon emission reductions are relatively high,

but the marginal willingness to mitigate declines strongly with emission size. These

findings partially replicate previous results, but with incentivized methods and in a

representative sample, and confirm the two premises of the policy makers’ argument.

We then leverage these data to develop a strong test of the effect of information on

consumer behavior. We use a structural model in which consumers derive disutility from

the (expected) emissions linked to their actions. We compare the individual disutility of

consumption given their subjective beliefs about emissions, with a counterfactual where

the belief distribution is replaced by the true value of carbon emissions, as measured by

the latest scientific estimates. The model allows us to predict the products for which

information generates a maximal behavioral response. The predicted impact is driven

1See press release on the New Consumer Agenda, https://ec.europa.eu/commission/

presscorner/detail/en/IP_20_2069, accessed 23rd August 2023.
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by consumers who are both uninformed and willing to mitigate, and it takes into account

the degree of uncertainty among consumers and their (diminishing) responsiveness to

emission size.

Finally, we test our predictions in two experiments, each in a large representative

sample. Our experiments focus on the demand for beef and poultry. While these

products are part of the same food category (meat), beef has almost 10 times the carbon

impact of poultry in CO2 equivalents. Our participants understand that beef is more

polluting than poultry, but they think that the difference between them is much smaller

than it actually is. In line with this, our structural model, applied to the representative

survey data, predicts that information on beef should have a large impact on demand.

Instead, the impact on demand by providing information on chicken should be small or

non-existent.

Our “Butcher experiment” collects behavioral measures of consumption. We re-

cruited N = 2, 081 subjects of a representative sample of US consumers via an online

platform, and elicited their willingness to pay for a package of meat from a premium

online butcher. We incentivized behavior by implementing the choices of randomly se-

lected participants. In four between-subject treatments, we varied the type of meat

(beef vs. poultry) participants were offered and whether we provided information about

the carbon emissions associated with the product in question. All conditions feature

prominent mentions of the climate change impact of some products in order to keep

the salience of climate change constant across settings and thereby isolate the effect of

information on consumption that works through beliefs.

While our intervention successfully corrects misperceptions, as evidenced by an up-

ward shift in beliefs about the carbon impact of beef, we again find no change in the

demand for either beef or chicken. This null result is informative. Our well-powered

experiment targets a population that cares about avoiding emissions and a set of prod-

ucts for which misperceptions are large. The null result obtains for all subgroups in

our sample and survives when we focus only on those participants whose beliefs re-

sponded to the intervention. Our design allows us to rule out that this result is driven

by pessimism about substitute products, by meat-eaters being already well informed,

by an overly noisy measure of demand, or by a one-off statistical fluke. We also rule out

behavioral channels like an intention-action gap.

Our second experiment measures changes in self-reported consumption. It gives

some participants in our initial survey precise information about the carbon impact of

beef, poultry, and other products. We contacted the same subjects two weeks later

and elicited their recollection of the information and its impact on their consumption

patterns. While subjects remembered some of the information and shifted their be-

liefs, we replicate the null result from the Butcher experiment. The participants who

received information about beef are as likely to report a reduction in consumption as

participants who received information about other products. However, we find an effect
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of information provision per se: the participants who receive some information report a

general consumption reduction compared to participants who receive none, irrespective

of the content or target of information and participants’ priors.

Our results indicate that there is a disconnect between knowledge or beliefs and

actual behavior in everyday consumption decisions. While emission size plays an im-

portant role in abstract elicitations of green preferences, like our incentivized survey

measure of willingness to mitigate, it does not necessarily factor into people’s demand

for consumer products. This refutes the implicit argument made by proponents of in-

formation campaigns to combat climate change as well as the standard intuitions of

economic decision-making embodied in our structural model. Furthermore, our findings

show that information provision can have effects via channels other than beliefs, which

may help explain the effects of information in field studies.

These insights contribute to the literatures on measuring beliefs about climate im-

pact and on carbon labeling. Concerning the former literature, we show that correcting

underestimations of carbon impact need not lead to behavioral change. The literature

on carbon labeling finds small but discernible effects of labels on consumption. Our

results imply that, contrary to the explanation commonly evoked in this literature, the

effect of labels is unlikely to work through changing beliefs about CO2 emissions. In-

stead, it may work through changing the salience of climate change or the perception of

social norms. Unlike our experiment, existing labeling studies are generally not able to

isolate the effect of learning or belief movements because they do not feature an active

control that keeps awareness of information and salience of climate change constant

between control and treatment groups. We now discuss these contributions in more

detail.

The literature on measuring misperceptions features a number of papers that elicit

broad knowledge of the climate change phenomenon and link it to measures of concern

and policy support (Tobler, Visschers and Siegrist, 2012; Shi et al., 2016; Klenert et al.,

2018; Dechezleprêtre et al., 2025; Fairbrother, 2022). Attari et al. (2010) find that people

underestimate the energy use associated with different activities. Closest to our paper,

Camilleri et al. (2019) find a systematic underestimation of greenhouse gas emissions

associated with food and electric appliances.

We go beyond eliciting unincentivized point estimates of carbon impact, by adminis-

tering incentivized elicitations of belief distributions and combining them with revealed

preferences over mitigation in a structural model.2 Our approach has the potential to

2There is a large literature on willingness to pay to reduce climate impact, often using unincen-
tivized surveys and contingent valuation methods (see Nemet and Johnson (2010) for a review) and
the literature on willingness to pay to reduce emissions from specific sources like car transport (Hulshof
and Mulder, 2020) or flights (Bernard, Tzamourani and Weber, 2022). Two studies use incentivized
revealed preference techniques to elicit WTP for a single amount of emissions. Löschel, Sturm and Vogt
(2013) find an average WTP to buy emissions offsets for one ton of CO2 of e12, whereas Diederich
and Goeschl (2014) find a mean of e6.30.
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overturn conclusions about the optimal targeting of information that are derived solely

on the basis of point estimates. Yet, we find that the predictions of our structural model

are broadly in line with results in Camilleri et al. (2019) and with the results we would

have obtained looking only at point beliefs. Therefore, our representative survey and

structural model lend robustness to established results. However, our experiment also

demonstrates that the presence of misperceptions does not imply that their correction

yields behavioral change. More generally, our results reveal limits of survey evidence

in guiding policies related to voluntary climate change mitigation. We find that eco-

nomic primitives, such as the valuation of carbon emissions and beliefs about their size,

measured with state-of-the-art elicitation techniques, have little predictive power over

consumer decisions in our experiments.

The literature on labeling studies the effect of climate labels that code high and low-

impact consumption in easily digestible ways (see Taufique et al. (2022) for a summary).

While most studies in this literature focus on hypothetical choices, several papers have

looked at real consumption choices in the context of restaurants or university canteens,

sometimes studying labels in combination with another information intervention, like

posters (e.g., Spaargaren et al., 2013; Visschers and Siegrist, 2015; Brunner et al., 2018;

Soregaroli et al., 2021; Lohmann et al., 2022). Other studies have provided shoppers in

(online) supermarkets with informative labels about specific products or shopping bas-

kets (Vlaeminck, Jiang and Vranken, 2014; Elofsson et al., 2016; Perino, Panzone and

Swanson, 2014; Kanay et al., 2021; Bilén, 2022), or informed them via a cell phone app

(Fosgaard, Pizzo and Sadoff, 2021). Most of these papers find a small and short-lived

effect of labels on behavior and ultimate emissions.3 However, null results have been

reported for specific products like detergents (Kortelainen, Raychaudhuri and Roussil-

lon, 2016) and in abstract online experiments (Pace et al., 2025).4 Some studies look at

the effect of labels on meat consumption specifically. Camilleri et al. (2019) find that

participants are less likely to buy high-carbon-impact beef soup when a GHG impact

label was present. Bilén (2022) finds evidence that when carbon labels are introduced

in a supermarket, customers reduce their purchases of beef.5

We add to this literature by isolating the effect of belief corrections on climate-

friendly consumption in a general population sample, something that, to the best of

3Labeling has also been shown to affect energy-saving (Allcott and Taubinsky, 2015). However, it
is unclear whether these results extend to CO2 emissions since energy costs are paid by the consumer,
but emissions are not. Indeed, in an experiment concerning a hypothetical choice for a water heater,
Newell and Siikamäki (2014) show that CO2 emission information is less effective in inducing sustainable
choices than informing people about energy costs.

4Pace et al. (2025) use belief data from the climate survey presented here in a purely descriptive
manner to illustrate that consumers are uncertain about the emissions associated with common prod-
ucts. The paper then tests its hypotheses about the effect of this uncertainty on behavior using two
novel experiments.

5Moreover, Jalil, Tasoff and Bustamante (2020) show that a 50-minute lecture on both the health
and environmental effects of meat consumption reduces purchases of meat-based meals at the university
canteen.
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our knowledge, no other work has done. In our Butcher experiment, we find no evi-

dence for an effect of correcting beliefs, while our survey experiment demonstrates that

information provision itself can affect stated behavior, possibly by increasing salience,

communicating social norms, or making consumers feel more efficacious. Any of these

channels may be at work in labeling studies. Our results complement results in a con-

temporaneous paper by Schulze-Tilling (2025). One of her studies shows that making

carbon emissions salient through belief elicitations without providing information re-

duces German university students’ demand for polluting meals that the students pick

up from a booth attended by the experimenters. A label that reduces participant opti-

mism about CO2 emissions then has a small additional effect on consumption.6

Understanding the channel through which information can change behavior is more

than a theoretical curiosity because it matters for policy. If beliefs are key, then edu-

cation can play an important role. If the effect of information is driven by salience or

perceived social norms, then policy makers will have to design interventions that effec-

tively change the attentional, emotional, or social context at the point of purchase. We

provide clean evidence from a representative sample that beliefs about CO2 emissions

are of second-order importance in driving green consumption. An immediate corollary

of this result is that much remains to be understood about why and when information

and labels actually affect consumption behavior.

2 Climate Survey

Our initial survey measures consumers’ existing beliefs about CO2 emissions generated

in the production of common consumer goods, as well as their willingness to pay (WTP)

to avoid CO2 emissions. These quantities subsequently serve as inputs for a structural

model that allows us to make predictions about the effect of information, as we explain

in Section 3. Figure 1 shows the four tasks that constitute the survey (see the first four

tasks in “Session 1”; the other tasks will be discussed in Section 4.3 below). The first

task asked general questions about climate change facts and the social cost of carbon.

The next two tasks focused on eliciting beliefs, where we collected both point beliefs

and belief distributions of CO2 emissions from several common consumer products and

activities. The last task elicited willingness to pay for mitigating CO2 emissions.

Our elicitation methods used incentive-compatible payment schemes developed in

the experimental economics literature, while keeping the instructions and the interface

as simple and participant-friendly as possible to allow for a representative sample to take

part. Below, we elaborate on each of the elicitation procedures in more detail. Online

6Possible explanations for the positive effect in Schulze-Tilling (2025), in light of our null effect
of belief corrections, include non-informational features of her label, like the color coding of pollution
levels, with red labels indicating harmful products; enhanced importance of social norms or paternalistic
pressure in a study that is administered through a university lab and that has the experimenters handing
out the purchased meal; and cultural differences between samples.
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Figure 1: Timeline of the climate survey.

Appendix A.1.2 contains additional information about the steps we took to maximize

the data quality.

Belief elicitation

At the start of the survey, we elicited participants’ beliefs about the CO2 emissions gen-

erated by driving one mile by car. We then elicited beliefs about 12 common consumer

products and activities listed in Table 1. We included food items, the use of household

appliances, and transportation. We provided participants with information about the

product specification and the type of emissions we considered.7 Table 1 presents the

scientific estimates we used to incentivize the guesses together with their source. We

took these estimates from top-tier academic journals or from the estimates the UK gov-

ernment uses for its environmental regulations. We disclose these scientific sources only

at the end of the experiment.

To make the answers more meaningful to subjects, we did not elicit emissions in

grams, but asked about the number of miles by car one needs to drive to emit as much

CO2 as the product in question, an approach in line with previous studies (Camilleri

et al., 2019). Since we also elicited the conversion from a mile driven by a car to

grams of CO2, we can convert all measures to the perceived grams equivalent (see

Table A.4 and Figure A.9 in the Online Appendix). Moreover, the model we describe in

Section 3 further mitigates any concern that systematic misperceptions about the CO2

emissions associated with driving bias our predictions, because these predictions will be

independent of the denomination of CO2 emissions.

We divided the belief elicitation into two parts. We first elicited a point estimate

for the modal value of the emissions. Participants indicated how much CO2 each of

the 12 products in Table 1 emitted relative to driving one mile by car. Participants

answered all 12 questions on one page, and the order of the products was randomized

across participants (Figure 2A). To help participants keep track of their guesses and the

rankings of the products, we presented an interactive box summarizing their (current)

answers at the bottom of the page, including the ranking of the products by estimated

impact. We incentivized a correct point estimate with a $5.36 (£4) bonus. We consid-

7See Table A.1 in the Online Appendix.
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Table 1: List of consumer products and actions.

Emission size

Quantity Estimate Unit Source

Beer 12 fl oz 1.46 mile Poore and Nemecek (2018)
Phone call 1 hour 1.55 mile Smith et al. (2013)
Microwave 1000W, 2 hour 1.76 mile UK BEIS (2020)
Milk 1 cup 2.60 mile Poore and Nemecek (2018)
Egg 6 eggs 4.81 mile Poore and Nemecek (2018)
Poultry meat 7 oz 6.78 mile Poore and Nemecek (2018)
Shower Average usage 3.90 mile Hackett and Gray (2009)
Dark chocolate 100g 16.03 mile Poore and Nemecek (2018)
Coffee beans 1 lb 44.41 mile Poore and Nemecek (2018)
Beef 7 oz 68.39 mile Poore and Nemecek (2018)
Flight SFO to LAX 304.60 mile UK BEIS (2020)
Gas heating One month 606.68 mile Padgett et al. (2008)

Car Drive 1 mile 291.00 gram UK BEIS (2020)

ered an estimate correct if it was within a 5% interval from the scientific estimate. This

incentive scheme truthfully elicits the mode of the subjective probability distribution

about the scientific estimate (Schlag, Tremewan and van der Weele, 2015).8

In order to understand the participants’ confidence in their answers, we then elicited

the subjective probability distribution about the size of CO2 emissions. For each prod-

uct, we presented five “bins” around the point estimate the participant reported in

the first part and asked the participant to allocate 20 balls into these five bins. We

informed participants that each bin represents an interval that might contain the sci-

entific estimate. They were instructed to allocate the balls to represent their level of

confidence that the estimate falls within each bin. Figure 2B provides an illustration.

We incentivized the elicitation by randomly selecting one of the bins and scoring the

answer according to a randomized quadratic scoring rule. Theoretically, this mecha-

nism ensures that participants truthfully reveal their belief about the probability that

the scientific estimate falls in a particular bin (Schlag and van der Weele, 2013). To

keep things simple and avoid information overload, we did not provide participants with

the exact details of the scoring rule, which were available with a mouse click, but told

them that they would maximize their expected earnings by answering truthfully. This

approach is suggested by Danz, Vesterlund and Wilson (2022), who show that detailed

instructions about the scoring rule confuse subjects.

8We did not incentivize the questions about the CO2 emissions and the social cost of driving one
mile by a car as we realized that answers to these questions can be straightforwardly obtained on
Google.
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Figure 2: Illustration of the belief and WTM elicitation interface. (A) Point-belief elicitation
task. (B) Bins-and-balls belief elicitation task. (C) WTM 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 A.1.2 for screenshots of the interface.

Willingness to mitigate

After the belief tasks, we elicited the participants’ willingness to pay for mitigating CO2

emissions of different sizes. We call this measure willingness to mitigate (WTM). To

introduce real consequences in the elicitation task, we offered participants trade-offs

between monetary payments and carbon offset certificates. More precisely, we used

donations to Carbonfund.org, a charity that finances various projects to offset CO2

emissions and offsets one ton of CO2 for every $10 donated.

To cover the amounts of the emissions generated by all the consumer products we

asked in the survey, we elicited the WTM for eight levels of CO2 emissions, corresponding

to emissions generated by driving 1, 5, 20, 50, 100, 200, 450, and 700 miles by car.

Participants expressed their WTM to offset these amounts of CO2 using a slider between

$0 and $134 (£100), see Figure 2C.9 The interface was designed to help participants

make consistent choices. To this end, the sliders for each emission quantity were all

displayed on the same screen, and the bottom of the page featured a graphical summary

of reported WTMs by emission quantity (see Online Appendix A.1.2).

We incentivized the WTM with a Becker–DeGroot–Marschak (BDM) mechanism,

which means that reporting the true WTM is in the best interest of the participant.10

To make sure our donations were credible to participants, we emphasized that our

ethics committee does not allow misleading instructions, and promised to send them

9Participants could also express their WTMs either in GBP (between £0 and £100), the official
currency of Prolific, or in USD (between $0 and $134).

10We randomly selected one number from a discrete set of values between 0 and 100. If the number
was bigger than what the participant reported, we paid the participant a bonus equal to the randomly
selected number. If, instead, the number was smaller than the participant’s report, we donated to
Carbonfund.org as much money as needed to compensate for the CO2 emissions stated in the question.
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the carbon offset receipts from the experiment.

Information provision and Session 2

After the WTM elicitation, we conducted an information provision experiment and

asked participants a series of questions about their demographic background, consump-

tion habits (regarding the 12 products), and attitudes toward climate change. Addi-

tionally, we followed up with the participants two weeks later to assess whether the

information had changed their behavior. The detailed description of these parts of the

survey is postponed to Section 4.3.

Implementation

We recruited 1,430 participants on Prolific between the 3rd and 6th December 2020,

and 1,022 of those completed Session 1 of the survey.We restricted participation to

US residents, and we aimed to collect a sample representative for age, gender, and

ethnicity.11,12 Our sample is, on average, 42.7 years old (SD = 15.4), and 48.3% of the

participants identified themselves as male. Table A.2 in the Online Appendix shows the

demographic characteristics of the sample.

To make the instructions as accessible as possible, we used slides that displayed the

instructions step by step with explanatory images complementing the written text. We

also divided the instructions into 5 blocks. After each block, we asked participants

to answer several comprehension questions. We did not allow subjects to continue

the experiment until they answered all the questions of each block correctly. In total,

participants had to answer 21 comprehension questions.

At the end of the experiment and for every participant, we randomly selected one

question from the entire study. Depending on the participant’s answer to that question

and luck, we paid them a bonus. This incentive mechanism elicits truthful answers in

experiments with multiple tasks (Azrieli, Chambers and Healy, 2018). Participants re-

ceived $10.05 for completing the study plus a variable bonus depending on their answers

(mean = $2.67, SD = 4.31). The median survey completion time was 55 minutes.

11We noticed that participants in the oldest age bracket (above 58 years old) particularly struggled
with the comprehension questions about the WTM, resulting in many dropouts on the page where
those questions were asked. As subjects in this demographic category were hard to recruit, we opted
to give them a second chance to complete the experiment. On 7th December 2020, we invited them
to restart the experiment from the WTM instructions, and we gave them the solutions to two of the 7
related comprehension questions. Of the 41 subjects that were allowed to restart the experiment, 22
completed it.

12We compared the demographic characteristics of study participants and information from US
Census Bureau (2022), and found that our sample is not representative in the age dimension (Table A.3).
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Table 2: Summary statistics of elicited (point) beliefs about CO2 emissions from 12 consumer
products and activities.

Belief

Product Emissions Unit Q1 Median Q3 Under-est.

Beer 1.46 miles 0.50 1.20 6.00 0.516
Phone call 1.55 miles 0.40 1.00 5.00 0.549
Microwave 1.76 miles 0.80 2.15 10.00 0.406
Milk 2.60 miles 0.50 2.00 8.00 0.570
Shower 3.90 miles 0.50 1.50 5.00 0.689
Egg 4.81 miles 0.50 1.50 6.00 0.697
Poultry 6.78 miles 0.60 2.50 10.00 0.676
Chocolate 16.03 miles 0.40 1.20 8.00 0.831
Coffee 44.41 miles 0.50 2.00 10.00 0.885
Beef 68.39 miles 1.00 5.00 20.00 0.858
Flight 304.60 miles 10.00 150.00 600.00 0.586
Gas heating 606.68 miles 3.00 20.00 100.00 0.919

Car (drive 1 mile) 291.00 grams 5.03 85.00 403.00 0.677

Notes: The last column “Under-est.” shows the fraction of participants who underestimated the size
of emissions.

2.1 Results

Beliefs. Participants estimated CO2 emissions from 12 common consumer products

and activities in terms of miles of driving by car. Table 2 shows summary statistics

of reported (point) beliefs, and Figure 3A plots them against scientific estimates of

CO2 emissions.13 Median beliefs lie below the identity line for all but one (microwave)

products, indicating that participants underestimated the size of CO2 emissions. This

is in line with findings in Camilleri et al. (2019), despite differences in the sets of

products, elicitation methods, and the reference items (lightbulb vs. car). The fraction

of participants who underestimated the size of emissions varies from 41% (microwave)

to 92% (gas heating), with this fraction increasing in the true size of the emissions.

Flying is a notable exception to this trend: it is a highly polluting activity, but its

emissions are underestimated only by 59% of participants. This could be due to the

ample coverage of emissions from flying from media outlets, or because subjects simply

took as an estimate the driving distance between San Francisco and Los Angeles (≈ 350

miles), which is close to the right answer.

Even though the participants misperceived the size of CO2 emissions from each prod-

uct, they had a good understanding of which products emit more CO2. As Figure 3B

shows, the “true” ranking of emission sizes based on scientific estimates and the ranking

13We focus on median beliefs since there are several extreme outliers. Figure A.8 in the Online
Appendix shows empirical CDFs of reported CO2 emission sizes for each product.
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Figure 3: Beliefs and willingness to mitigate. (A) Summary statistics of reported CO2 emis-
sions (median and IQR). Axes are on a logarithmic scale. (B) Ranking of reported emission
sizes. Products are sorted by the true emission size from low to high. (C) Concave WTM
(mean and SEM). (D) WTM and political view (mean and SEM). Notes: In panels C and D,
numbers in parentheses indicate the number of observations. In panel D, “somewhat liberal”
and “somewhat conservative” are grouped into liberal and conservative, respectively.

“revealed” by each participant’s estimate are positively correlated.

All the qualitative results of this section replicate if we express participants’ beliefs in

terms of grams of CO2 using their beliefs about the CO2 emissions linked with driving

one mile by car. Figure A.9 in the Online Appendix shows that, since participants

underestimate the grams of CO2 emitted when driving, the underestimation is more

severe if we express the beliefs in grams.

Taken together, the belief elicitation tasks in the climate survey suggest that con-

sumers significantly underestimate the size of CO2 emissions associated with common

consumer products and activities, but they have more accurate perceptions about the

ordinal ranking of CO2 emissions.

Willingness to mitigate. We now turn to participants’ willingness to mitigate CO2

emissions. Note that we elicited WTM for eight levels of CO2 emissions, that correspond
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to emissions generated by driving 1, 5, 20, 50, 100, 200, 450, and 700 miles by car. On

average, participants have positive and sizable WTM for all levels of CO2 emissions,

and they exhibit a concave pattern (Figure 3C, dark line). Moving from emissions

equivalent to driving 5 miles to 20 miles, a four-fold growth, increases the WTM by

$6.3 on average, while moving from 5 to 200 miles, a jump 10 times as large as the

previous one, pushes the average WTM by only $20.8. The marginal willingness to pay

for mitigation decreases as the emission size increases, confirming findings in Pace et al.

(2025) and in line with the results in Rodemeier (2022). This pattern is not due to

top-censoring at $134— the concave pattern is preserved even when we focus on 686

participants whose WTMs are all strictly between $0 and $134 (Figure 3C, light gray

line). See Tables A.5 and A.6 in the Online Appendix for summary statistics of WTMs

and the number of “corner” observations for each level of emissions.

As in elicited beliefs, we observe strong correlations between WTM and some demo-

graphic characteristics. Participants who identified themselves as liberal on the political

spectrum have uniformly higher WTM than conservative participants (Figure 3D). Fe-

male participants have higher WTM than male participants, and participants in the age

ranges of 18-37 and 58 and older have higher WTM than those between 38 and 57 years

of age (Figures A.10 and A.11 in the Online Appendix).

Figure 3C shows a smooth and concave WTM curve at the aggregate level, but it

masks substantial heterogeneity across participants. There are 52 participants who “do

not care” about CO2 emissions and request $0 for all eight levels of emissions, and

there are 77 participants who are “deontological” and request $134 all the time. We

can classify the shape of the WTM curve. We observe that 31% of individual-level

WTM curves are concave, and 28% of WTM curves are non-monotonic. Less than 10

are convex. There are only 44 cases of decreasing WTM curve, an irrational pattern of

WTM that is not captured by small mistakes. See Online Appendix A.2.4 for details.

In the next section, we describe how to combine these measures to predict the effect

of information.

3 Modeling the Impact of Information

In this section, we outline a simple formal framework to combine beliefs about the

impact and willingness to mitigate and produce a prediction about the resulting con-

sumer decision. The key assumption is that consumers suffer a cost from the expected

emissions produced by their actions and that they make utility-maximizing decisions

about the quantities of emissions. Our approach is inspired by findings that subjects

make rationalizable trade-offs about payoffs for themselves and others that allow for

the construction of a utility function (Andreoni and Miller, 2002; Fisman, Kariv and

Markovits, 2007).
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Consider a consumer who gets material utility v from purchasing a good or activity.

We assume that the good (or activity) is sold at a market price of p and is associated

with a quantity of CO2 emissions c ≥ 0. The consumer’s utility from consuming the

product is:

U(v, p, c) = v − p− w(c),

where w : R+ → R+ captures the psychological cost from CO2 emissions. We assume

w is strictly increasing and w(0) = 0.

In writing the preferences in this way, we are making two assumptions. First, for

simplicity, we assume that the consumer’s overall utility is additively separable in v and

in the psychological cost of emitting CO2. Second, we assume that the psychological

cost only depends on the emissions associated with the current purchase and not on

the emissions linked to previous consumption of the same or other products. This

last assumption finds support in our willingness to mitigate data. For us to observe

the concavity of the function w, it must be the case that the consumers consider the

emissions they can offset in the experiment separately from all the emissions they have

generated so far. Without this “narrow bracketing” of emissions, participants with a

concave WTM would report a flat WTM curve in the survey.14

We assume that the consumer may not have precise knowledge about emission sizes

c, but has some beliefs about them. Let F denote her belief about c. With this

subjective belief and following standard expected utility, the consumer’s preferences

can be expressed as

U(v, p, c) = v − p− EF [w(c)].

Two key ingredients in this framework are the function w capturing psychological

cost and the subjective belief about CO2 emissions F . The climate survey we discussed

above is designed to measure these two quantities as precisely as possible. Remember

that we used “miles driving a car” as the common unit of emission size in the belief and

WTM elicitation tasks in the survey.

The WTMs stated by each participant provide information about w. Requesting a

bonus of ym to allow emitting CO2 corresponding to emissions generated by driving m

miles by a car, cm, reveals

ym = w(cm),

assuming a linear utility for money. Using eight pairs of observed (cm, ym) and extrap-

olating (see Online Appendix A.3), we can recover w for each participant. Hereafter,

we will refer to w as the WTM function.

14Narrow bracketing has also been documented in choices over monetary outcomes (Rabin and
Weizsäcker, 2009; Ellis and Freeman, 2024) and in work choices (Fallucchi and Kaufmann, 2021).
The concavity of the WTM function also implies that narrow bracketing is essential for an information
campaign to have any effect on behavior. Given the beliefs and consumption levels of the US consumer,
broad bracketing implies that consumers would be on a flat part of w.
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Similarly, we use the second part of the belief elicitation, the bins-and-balls task, to

recover subjective belief distribution Fk for each product k. See Online Appendix A.3

for details.

Quantifying the effect of information

Given a WTM function w and a subjective belief distribution F about CO2 emissions

associated with a good or activity, we can calculate the expected WTM,

W (w,F ) = EF [w(c)] =

∫
w(c)dF (c).

This quantity captures the extra amount of money a consumer is willing to pay in order

to consume an imaginary, “carbon-neutral,” version of the good or activity, taking into

account the lack of knowledge about the actual size of CO2 emissions.

We model an information policy as a device that shifts consumer i’s belief about CO2

emissions associated with good k from Fik to F ∗
k , a degenerate distribution at the “true”

size of CO2 emissions.15 The difference in expected WTM before and after information

for each consumer i and product k is given by

∆ik = W (wi, F
∗
k )−W (wi, Fik).

If ∆ik > 0, information raises the psychological cost from consuming a unit of good k for

consumer i through a change in her beliefs. If this increase is large enough, information

may result in a change in consumer i’s buying behavior.

Finally, we define the effect of information on the consumption of good k, ∆k, as

the sample average of ∆ik with respect to a reference group of agents G:

∆k =
1

|G|
∑
i∈G

(
W (wi, F

∗
k )−W (wi, Fik)

)
.

Again, if ∆k > 0 and demand is downward sloping, then information is predicted to

result in a decrease in buying behavior in target group G.

Several features of our structural model bear mentioning. First, the effect of an

information campaign ∆k has a simple interpretation: providing accurate information

on the CO2 emissions of product k increases the average subjective cost of consuming

product k by ∆k dollars. Therefore, ∆k can be thought of as the equivalent of a price

increase. As with a price increase, the ultimate effect of information on consumption

choices will be mediated by a product’s elasticity of demand.

15Note that we impose an assumption that the consumer trusts the information and fully updates
her belief, but the framework can easily accommodate the possibility that the updated belief is not
exactly F ∗

k , reflecting the idea that the consumer has some doubt in the information or has difficulty
in giving up her original belief.

15



−5

0

5

10

15

20

Gas heating
Beef

Coffee
Flight

Chocolate
Shower

Poultry Egg

Phone call
Milk

Beer

Microwave

∆ 
($

)

Figure 4: Predicted effect of information provision ∆k for each product. Notes: The reference
group G is the entire sample of survey participants (N = 1, 022). Bars indicate SEM.

Second, because our model combines beliefs and willingness to mitigate CO2 emis-

sions that were both expressed as miles-driven-in-a-car equivalents, the unit of denomi-

nation of CO2 emissions drops out of our prediction. This allows us to use an intuitive

and common way of denominating CO2 emissions while assuring that any systematic

misperceptions about the climate impact of driving do not affect our predictions.

Predictions

We now calculate our measure of the effect of information using the data from the

survey. Taking the entire sample of 1,022 participants as the reference group G, we

obtain ∆k for each product k as shown in Figure 4.

We observe a substantial variation in the effect of information. We expect a positive

effect for five products (gas heating, beef, coffee, flight, chocolate), no effect for three

products (shower, poultry, egg), and a negative effect for four products (phone call,

milk, beer, microwave). Note that we expect a larger effect of information for products

with larger CO2 emissions: the ordering in Figure 4 is almost the mirror image of the

ordering in Table 1. This is because the fraction of participants who underestimate

the size of emissions is larger for these products, and our measure favors these partic-

ipants as long as their WTM function responds to the size of emission (i.e., w is not

constant on the relevant range). These predictions have received some support in the

empirical literature. For instance, the negative effect for electrical appliances has been

documented in several empirical papers (Rodemeier and Löschel, 2020; d’Adda, Gao

and Tavoni, 2022). In a labeling intervention in an online Swedish supermarket, Bilén

(2022) observes an effect for beef, but not poultry.

Figure A.13A in the Online Appendix quantifies ∆k for different subgroups of the

population, focusing on two meat products, beef and poultry, which will be the subject

of the experiment in the next section. The figure illustrates the benefits of integrating
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preferences and beliefs over simpler approaches, such as merely targeting populations

with a high willingness to pay. For example, the model predicts a larger effect for

males than females (subpanel c) and for participants with conservative political views

compared to those with liberal views (subpanel d). This is despite the fact that, in both

cases, the former group has a lower WTM (see Figure A.10 in the Online Appendix).

The reason is that these groups also have larger underestimations of climate impact,

which more than offsets their lower WTM, resulting in a higher predicted impact of the

information provided.

4 The Causal Effect of Information on Climate-Friendly

Consumption

We now test the predictions we derive from our calibrated structural model in Sec-

tion 3. To this end, we compare the effect of correcting misperceptions between beef

and poultry meat. There are three main reasons for choosing these two products. First,

meat products are an important application, as meat (and especially beef) consumption

makes a meaningful contribution to climate change and is one of the main sources of

emissions that are under the direct control of consumers.16 Second, these two products

are comparable in many respects, as they fall into the same food category and may be

considered substitutes for certain purposes. Third, despite their similarity, these two

products have very different predicted effects of information, as we show in Figure 4.

While the predicted effect of information on beef consumption is among the highest on

our product list, it is approximately zero for poultry. This is mainly because beef pro-

duction is about 10 times more carbon-intensive than poultry production, an effect that

is not incorporated into the expectations of consumers, and hence subject to correction

through information.Thus, the main hypothesis that we test in our experiments is that

information about carbon impact will have a bigger impact on consumer willingness to

pay for beef products than for chicken products. We focus on the willingness to pay as

it is the variable on which our model makes direct predictions.

Our experiment involves a real choice to buy meat from an online butcher. It is

designed to identify the effect of correcting misperceptions while controlling for other

possible effects of information, such as increased salience of emissions. After describing

the experimental design and results, we provide an interpretation of the mechanisms at

play. We also describe additional evidence from the climate survey that helps place our

findings within the context of the literature.

16Alexandre Koberle (Grantham Institute for Climate Change, Imperial College London) writes that
“Next to flying less, it is probably right to say that, as individuals, reducing beef consumption is the
most significant contribution directly under our control” (Vetter, 2020).
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Figure 5: Timeline of the butcher experiment.

4.1 Butcher Experiment

Our experiment provides evidence on the role of information in an actual consumption

decision. We recruited a new sample and offered participants an opportunity to purchase

a bundle of high-quality meat products, either 10 beef sirloin steaks or 10 skinless

chicken breasts. We kept the features of bundles as close as possible: they were sold

on a premium online butcher Porter Road (https://porterroad.com/); they weighed

about 5 lb (≈ 2.3 kg); they cost $100 (at the time of designing the experiment in 2021);

they were pasture-raised in the US without hormones and antibiotics. We provided

these descriptions in the relevant part of the instructions.

Across treatments, we varied between subjects whether the participants received

information on the CO2 emissions associated with beef and poultry meat (Info treat-

ment) or not (NoInfo treatment). In keeping with our climate survey, we provided the

information in terms of the number of miles by car one needs to drive to emit as much

as 1 lb of the meat. We pinned down participants’ beliefs about the car CO2 emissions

by including a scientific estimate of these emissions (in ounces) in the instructions. In

this way, we made sure that our information treatment could only impact the beliefs

about the meat. Information about car emissions was available for all treatments.

As an additional manipulation, we varied whether the participants were first offered

the beef bundle (BeefFirst treatment) or the poultry bundle (PoultryFirst treatment).

For these two products, subjects remained in the same information treatment. We test

our main hypothesis about the differential impact of information for the two products

using the first product offered in the experiment. The second part allows us to evaluate

spill-over effects, whereby information about beef affects beliefs and WTP for poultry

or vice versa.

The timeline of the experiment is illustrated in Figure 5. The experiment has two

parts, one per each of the products we offer. The two parts followed the same structure.

Each part of the experiment started with a description of the bundle the participants

could purchase as well as its retail value ($100). We then asked the participants to

guess the average CO2 emissions associated with the production and distribution of 1

lb of the type of meat that they were offered. As in the climate survey, participants
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expressed their guesses in terms of CO2 emitted by driving one mile by car.17

To help participants get a sense of the magnitudes of emissions, just before they could

express their guesses, we informed them of how the CO2 emissions from driving one mile

by car compared with the emissions generated by the production and distribution of 12

fl oz of beer and by taking a plane from Los Angeles to San Francisco. We provided this

baseline information to all participants to keep the salience of emissions and possible

norms around low-carbon consumption constant across treatments. To incentivize belief

elicitation, we used the same sources of scientific estimates as in the climate survey, and

we rewarded accurate guesses (those within ±5% of the scientific estimate) with a $0.5
bonus.

Next, we had our treatment manipulation. The participants in the Info treatments

were informed about the average emissions associated with the meat product they could

purchase. To make sure that the participants paid attention to the information, we

asked them to identify the true size of the emissions among three possible options. The

participants in the NoInfo treatments, instead, saw three random numbers and answered

a similar question.18

We then elicited participants’ WTP using a two-stage multiple price list (MPL)

with forced single switching.19 On the first list, participants saw 11 choices between two

options: the left option is the meat bundle, and the right option is the monetary bonus

ranging from $0 to $100 in $10 increment. In the remainder, we refer to this bonus

as the “price”, although it was not framed as such in the experiment. The second list

“zoomed in” around the switching point and asked another nine questions. With this

procedure, we measured WTP in the precision of $1.20 The instructions encouraged

the participants to think about their own valuation of the meat bundle and to use this

valuation to make the decisions.

After completing the MPL task, we asked the participants to guess one more time

the size of the emissions associated with the meat product they had the opportunity to

purchase. This second guess was not incentivized.

The second part of the experiment followed the same structure as the first one,

17We did not elicit belief distributions to fit the survey in the time constraint of 15-20 minutes.
18In both treatments, participants were allowed to proceed regardless of their answers. However,

participants who answered incorrectly received an alert warning them of the mistake and repeating the
correct answer.

19We used an MPL instead of the slider interface from the climate survey since we elicited only two
valuations in this experiment while we elicited eight in the survey. The small number of valuations
makes an elicitation strategy that requires simpler instructions (MPL) preferable to a strategy that
requires more complicated instructions but allows the participants to input their decisions more quickly.

20We used a BDM procedure to make this two-stage MPL incentive compatible. We randomly
selected a price (an integer) between 1 and 100 to determine whether the participant received the
monetary reward or the meat bundle. Each price has the same chance of being extracted independently
of the participant’s choice in the first multiple price list. If the randomly selected price was not the
one the participant had seen, we inferred his or her choice for this price from the choices for the other
price levels. This strategy was feasible because we forced a single switching, and hence, we enforced
consistency in choices.
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but it asked participants about their beliefs and WTP for the other meat bundle—the

poultry bundle if the first part was about beef, and the beef bundle if the first part was

about poultry. Thus, in the Info treatments, participants saw the information about the

CO2 emissions associated with the new meat bundle together with all the information

previously provided. In the NoInfo treatment, participants saw four randomly generated

numbers.

At the end of the experiment, we asked the participants about their meat consump-

tion patterns, attitudes toward climate change, and trust in the experimenters. We also

asked for their contact information (both home address and email) so we could deliver

the meat product or the monetary bonus, if any.

Implementation

We recruited participants on the platform Lucid between 31st March 2022 and 15th

April 2022.When starting the experiment, the participants were not aware it was about

meat consumption, nor that they had the chance to receive a premium meat shipment.

Hence, our sample comes from the population of US people completing surveys on

Lucid, excluding only those participants who did not consume meat and those who

lived outside contiguous US states due to shipment requirements by Porter Road.21

2,081 participants satisfied the pre-registered inclusion criteria: 1,047 were assigned to

the NoInfo treatment and 1,034 were assigned to the Info treatment.22 Participants are

representative along gender and age (Table B.2). Table B.1 in the Online Appendix

shows that demographic characteristics are balanced across treatments. Our sample is,

on average, 46.8 years old (SD = 17.1), and 48.4% of the participants are male. The

median survey completion time was 17 minutes.

We implemented one of the two MPL decisions for one in every 20 participants and

delivered the meat bundle (beef or poultry, depending on the selected MPL) or the

monetary bonus based on the participant’s choice for the randomly selected price level.

Finally, one (lucky) participant received a $500 completion reward. All bonus amounts

were paid using Amazon gift cards. We preregistered our hypotheses and sample sizes

on Aspredicted.org, the preregistration is available in the Online Appendix B.2.

Results

Following our preregistration, we focus on the belief and WTP data from the first part

of the experiment for a clean analysis of the treatment effect.This means that belief and

21To enhance data quality, we included five attention checks and three comprehension questions
about the instructions. Participants were excluded if they failed any of the attention checks or if they
needed more than five attempts to answer the comprehension questions correctly.

22Number of participants in each treatment is: 520 in the BeefFirst, Info treatment, 528 in the
BeefFirst, NoInfo treatment, 514 in the PoultryFirst, Info treatment, 519 in the PoultryFirst, NoInfo
treatment.
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Figure 6: Empirical CDFs of beliefs about CO2 emissions from two samples. (A) Beef. (B)
Poultry. Notes: The size of meat products for belief elicitation was 7 oz in the climate survey
and 1 lb (= 16 oz) in the butcher experiment. For the data from the butcher experiment,
we focus on belief data from the first elicitation in the first part of the experiment. Vertical
dashed lines correspond to the “true” size of CO2 emissions (A: 155 miles for the butcher
experiment and 68.39 miles for the climate survey; B: 15.4 miles for the butcher experiment
and 6.78 miles for the climate survey).

WTP data about the beef bundle come from BeefFirst treatments (N = 1, 048), and

the data about the poultry bundle come from PoultryFirst treatments (N = 1, 033).

As in the climate survey discussed in Section 2, participants exhibited a significant

underestimation of the size of CO2 emissions from beef and poultry. Figure 6 shows

that the magnitude and the prevalence of underestimation are more significant in the

experiment as compared to the survey—median beliefs are much lower in the experiment

(even though the quantity of meat products presented to the participants was more than

twice as large as the quantity used in the survey) and the fraction of participants who

underestimated the emission size was 92.7% for beef and 89.4% for poultry, respectively.

Like in our survey, we see a large difference in the size of underestimation between the

two products: the absolute level of underestimation for the median subject is 153 miles

for beef and 14.4 miles for poultry, respectively.

Participants were initially equally uninformed about CO2 emissions across treat-

ments. The distributions of prior beliefs (asked before WTP) show no differences be-

tween Info and NoInfo treatments for both meat products (Figure 7AB). Providing

information successfully shifted the beliefs of many participants in the treated groups,

as evident in jumps in the distributions of posterior beliefs (asked after WTP), illus-

trated in Figure 7CD. In particular, 64.8% (337/520) of participants moved their beliefs

to the correct value for beef, and 51.0% (262/514) did so for poultry.23

Remember that our model in Section 3 predicts that information reduces the valu-

ation for beef but has no impact on the valuation of poultry. In the experiment, these

predictions are translated into a decrease in average WTP for the beef bundle and no

effect for the poultry bundle.

These predictions are not supported in the data. Figure 8A shows the WTP for meat

23If we allow a margin of ±10%, the number increases to 68.3% (351/514) for poultry.
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Figure 8: (A) Average willingness to pay for the first meat product. (BC) The proportion
of participants buying the meat product at each price. Notes: We focus on the data from
the first part of the experiment. In panel A, Bars indicate SEM. Figure B.4 in the Online
Appendix shows the CDFs of WTPs.

products by treatment. If anything, there is a small upward movement in the valuation

of the beef package after information provision. Average WTPs are not significantly

different between treatments for both products (beef: t(1046) = −1.200, p = 0.230;

poultry: t(1031) = 0.938, p = 0.349). Panels B and C of Figure 8 give a more complete

overview of demand and show the proportion of buyers for each price, confirming that

there is no discernible difference between the treatments.

Table 3, column (1) shows the effect of information on beef valuation in a regression
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analysis. This “null” finding is robust to the inclusion of several control variables in the

regression (Table B.3 in the Online Appendix). Several of those covariates have sensible

signs: we find a higher WTP for beef for those subjects who report above-average beef

consumption, or who report that it is difficult to reduce beef consumption. We also

find a lower WTP for both beef and poultry amongst women and younger individuals.

In Figure B.6 in the Online Appendix, we also conduct an analysis of the treatment

effect by subgroup. For all subgroups, we cannot reject the null hypothesis that the

information effect for beef is zero.

In summary, our results do not support the hypothesis that correcting CO2 misper-

ceptions changes consumption decisions.

4.2 Interpretation of the Null Effect

We now turn to investigate possible reasons for the observed null effect of information

about CO2 emissions on the demand for meat. We focus on beef, where we predicted

that information should affect willingness to pay negatively and decisively.

Do participants suffer from an intention-action gap? An intention-action gap

would manifest itself as a stated intention to reduce meat consumption in the future,

but a failure to do so in the present. The underlying reason could be a preference for

immediate gratification or a self-control problem. To test for this channel we look at

the participants’ stated intentions about future consumption in the post-experimental

questionnaire. At the end of the experiment, we asked participants “Do you intend

to reduce your beef/poultry consumption in light of its CO2 emissions?” and they

answered on a Likert scale from 1 to 5. A chi-squared test of independence shows no

differences in response distribution between Info and NoInfo treatments for intention to

reduce beef (Figure 9; χ2(4) = 0.964, p = 0.915). Thus, the null effect of information

does not stem from a failure to implement virtuous plans, but from a failure to make

such plans.

Were participants’ beliefs insensitive to the information treatment? In

both the Info and the NoInfo treatments, we measure beliefs twice (Figure 5). In the

Info treatment, the second belief, or posterior, is measured after information about beef

consumption is provided. Participant’s posterior is affected by the information treat-

ment and exhibits, on average, less optimism about CO2 emissions (see Figure 7CD).

This shows that participants’ beliefs were changed by the information they saw. How-

ever, these belief changes do not translate into differences in WTP. Column (2) of

Table 3 shows regression results of WTP on a dummy for the Info treatment, including

only participants in the latter treatment who responded to information by updating

their beliefs upward. While the coefficient on the Info treatment declines relative to the
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"Do you intend to reduce your beef consumption
 in light of its CO2 emissions?"

Figure 9: Distribution of responses to a survey question: “Do you intend to reduce your beef
consumption in light of its CO2 emissions?” Notes: We focus on 1,013 participants in the
BeefFirst treatments. Participants responded on a 5-point Likert scale (1: “No.” 2: “Yes, I
am prepared to reduce my current consumption by about 10%.” ... 5: “Yes, I am prepared
to reduce my current consumption by more than 50%.”).

full sample (column (1)), the null effect remains.

Did participants become more pessimistic about other meat products? It

is possible that information about beef made participants more pessimistic about other

meat products. This would limit the options for (low carbon) substitution, rendering

the WTP for beef insensitive to information. We can address this point in several ways.

The first is to directly control for this spillover in beliefs. In the BeefFirst treatment, we

measured participants’ beliefs about the CO2 emissions associated with poultry after

the participants received information about and stated their willingness to pay for beef.

We find that participants do indeed become much more pessimistic about poultry after

receiving information about beef. About 63% of the participants in the BeefFirst, Info

treatment (317/505) overestimated the size of CO2 emissions from poultry (reported

numbers above 15.4 miles) (see Figure B.5 in the Online Appendix). However, this

updating about a substitute product does not appear to be an important mediator of

the information effect on beef demand: the null effect persists after controlling for the

beliefs associated with poultry consumption (Table 3, column (3)).

In addition, we can look at the case where beef is the second product participants

can buy. Here, by the time participants stated their willingness to pay for beef in the

Info treatment, they had received information on both poultry and beef. This group is,

therefore, aware of a climate-friendly substitute. However, we find no treatment effect

in the second product either (Table 3, column (8)).

Finally, this possible explanation for the null result is undermined by the analysis

of the stated future consumption intentions in the Info treatment. By the time the

participants stated these intentions, they had received information about both beef

and poultry and hence knew that poultry was a cleaner substitute. Nevertheless, this

information did not change their intended behavior.
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Preaching to the choir. One reason that information may have little impact on CO2

emissions is that prior optimism about CO2 emissions is concentrated among individuals

who have little willingness to mitigate. The info treatment would then correct the beliefs

of only those who have no interest in mitigation, and speak to those who are already

well-informed. Our structural model was explicitly designed to make predictions that

take this mismatch into account, so our initial predictions, based on the representative

survey, are not subject to this concern. To see whether these concerns could matter in

the experiment, we can restrict our analysis to those participants who self-proclaim to

care about the environment. The null effect persists in this restricted sample (Table 3,

column (4)).

Are near-vegetarian driving the results? If only near-vegetarians are optimistic

about the CO2 emissions associated with meat consumption, providing this information

will do little to curb the demand for meat. While this scenario is ex-ante implausible,

we can explicitly test this hypothesis by restricting our dataset to participants who

consume meat at least three times per week (i.e., above-median frequency). The null

effect persists in this restricted sample (Table 3, column (5)).

Does the information cause participants to decrease their consumption of

lower-quality meat outside the experiment? A key challenge of our experimen-

tal setup is to sell participants a product they find appealing. To this end, we used

high-quality meat. However, this design choice raises the concern that participants

might respond to the information by demanding less, but better, meat. If this were

the case, the information treatment might decrease average meat consumption but not

the willingness to pay for the meat we offer. Again, the fact that information does not

impact participants’ stated intention to consume beef rules out this conjecture.

What if people chose directly between beef and poultry? Many shopping envi-

ronments offer a choice between variations of comparable products. Information about

CO2 emissions might be effective in such environments as it makes the low-emission

alternative salient relative to the other products, and hence more attractive. While this

logic depends on changes in the relative valuations of the two products our experiment

is designed to detect, we do not test substitution directly.

However, we can test the impact of information about substitute products, by looking

at valuations of product 2 in the information treatment. In particular, when learning

the emissions associated with product 2, subjects already know about the emissions of

the potential substitute. This should cause an (additional) negative effect of information

on beef demand (as a cleaner alternative is known to be available), and a positive effect

of information on poultry demand (as the alternative is more polluting).

26



Table 4: The effect of knowledge about the emissions of substitute products.

(1) (2)
WTP (poultry) WTP (beef)

Info −2.028 2.743
(2.162) (2.285)

Second product −0.202 0.855
(2.189) (2.267)

Info × Second product 3.755 −3.603
(3.100) (3.237)

Constant 29.517∗∗∗ 32.225∗∗∗

(1.544) (1.590)

Observations 2,054 2,061
R2 0.001 0.001

Notes: The dependent variable is WTP for poultry (1) or WTP for beef (2). The Second product

dummy takes 1 if the WTP for poultry (beef) is measured in the BeefFirst (PoultryFirst) treatment.
Robust standard errors are reported in parentheses. ∗: p < 0.1; ∗∗: p < 0.05; ∗∗∗: p < 0.01.

To evaluate these hypotheses, we regress the WTP for both meat products separately

on a dummy for Info, timing (“Second product”), and the interaction between these

variables. Following our reasoning above, the coefficient for the interaction between

Second product and Info should be positive for poultry and negative for beef. Table 4

shows the results of these regressions. The estimated coefficients are in the hypothesized

direction, but not (close to) statistically significant. Thus, we cannot rule out that

knowledge about substitute products induces a shift in valuation, but the effect, if it

exists, is too small for us to detect despite our large sample. The role of substitution in

information provision is an important question for future research.

Do participants react to information not by demanding less beef, but by off-

setting the CO2 emissions of their consumption outside of the experiment?

We deem this hypothesis unlikely. It requires individuals to care about mitigating CO2,

to take into account and feel the pain of their meat consumption emitting CO2, but to

be completely inelastic in their meat consumption. Empirically, the price elasticity of

demand for beef steaks in the US is between −0.42 and −0.52, making beef demand far

from inelastic (Dong, Davis and Stewart, 2015). So if learning about the CO2 emissions

increases the subjective cost of buying meat, it seems unlikely that participants do not

use the rather elastic margin of adjustment that is a decrease in the WTP for meat,

and instead adjust only buy purchasing offsets outside of the experiment.

Is reducing meat consumption particularly hard? It could be that people find

it impossible to reduce their consumption while they would be happy to reduce the

consumption of other products. Two observations are inconsistent with this hypothesis.
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First, as just discussed, people are able to eat less meat when its price goes up. Second,

we asked our participants how hard it would be for them to reduce their beef consump-

tion by half. Figure B.6 in the Online Appendix shows that the null effect persists in

the sub-sample that declares that such a reduction would not be so difficult.

Does our willingness to pay measure suffer from noise, misinterpretation,

or lack of trust? A possible reason for a null effect of the information treatment

may be that our measure of demand is very noisy. If our WTP measure is a very poor

proxy for actual demand, then it would follow that this measure does not necessarily

change with new information, even if this information would have had an impact on

participants’ actual demand for meat. To shed some light on this possible reason for

a null effect, we ask whether our willingness to pay measure is correlated with other

measures of preferences for meat. This would not be the case if WTP was very noisily

measured. We find that WTP for beef is significantly correlated with participants’ self-

reported difficulty in reducing beef consumption if they had to (Table 3, column (6)).

A related worry may be that despite our elaborate efforts to be credible, (some)

participants did not believe us that we would actually send them the meat they pur-

chased with positive probability. Then, what they answered in the willingness to pay

elicitation may not reflect their sincere demand for beef. To test this hypothesis, we

ask whether there was a treatment effect among those who expressed a lot of trust in

us actually sending meat in the post-experimental survey.24 The null effect persists in

this restricted sample (Table 3, column (7)).

A final, somewhat related, concern is that the participants misunderstood our WTP

question and thought they had to indicate the (socially) fair price for the beef shipment.

This misunderstanding could generate a null result if some participants in the Info

treatment thought that the fair price should be higher due to the high emissions.

Several considerations assure that this misunderstanding is unlikely. First, the word

“price” did not appear in the experiment: subjects made a sequence of binary buying

decisions from which we infer a WTP. Second, we advised the participants explicitly to

use their valuation of the meat to make their decisions. Third, the instructions did not

contain any reference to CO2 offsets or to other environmental actions associated with

the product (and indeed, there was no such offset), so there was no reason to pay more

out of fairness concerns. Finally, if the information made participants think that the

fair price is higher, we should find that information reduces the intention to consume

beef. However, as we discussed above, we do not find evidence for this treatment effect.

Was the null effect a fluke? Even relatively well-powered studies may sometimes

result in erroneous null effects. Five results speak against this hypothesis. First, we can

24Participants responded to the question “Do you trust that the researchers will indeed ship meat
products as described in the instructions?” on a 5-point Likert scale (1: not at all; 5: completely).
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ask whether there is any correlational evidence that beliefs about CO2 are predictive

of the willingness to pay for meat. While any such evidence is subject to the usual

caveats and endogeneity concerns, a strong negative correlation between beliefs about

CO2 emissions and WTP in the NoInfo treatment should give us pause in interpreting

the null effect of the info treatment. We find that prior beliefs in the NoInfo treatment

do not correlate with meat consumption.

Second, we can use the comparison of the Info and NoInfo treatments when beef was

offered in the second part as a replication experiment. Column (8) of Table 3 shows

that the null result persists in the second part. Of course, because these data stem

from Part 2 of the experiment, the treatment comparison is less tightly controlled, with

information about poultry possibly also bearing on participants’ willingness to pay for

beef. At the same time, it is hard to construct an explanation of how this additional

information would lead to a null effect.

Third, the lower bound of the 95% confidence interval for the effect of information

on the willingness to pay for beef is −$1.74. Hence, even if the information has an effect

that we are not powered to detect, this effect is likely less than 2% of the market price

of the meat.

Finally, and as we have already seen, the information does not affect participants’

stated intention to reduce meat consumption. A result we replicate with the survey

experiment described in Section 4.3.

What, then, causes the null effect? Having ruled out several possible explana-

tions for the observed null effect, we conclude that people’s decision to eat meat is not

influenced by beliefs about the size of its CO2 emissions. That is, while people are

willing to pay more to directly mitigate larger quantities of emissions, the size of the

emissions does not affect their consumption in a less stylized setting. If this is indeed

the reason behind the null effect, then we should be no more optimistic about finding

an effect of information in even “wilder” settings. After all, we made sure that our in-

formation effectively moved beliefs, and we can be confident that the climate impact of

various consumption activities was a salient feature of the decision making environment.

Our results imply that information does not affect consumption behavior by moving

beliefs, i.e., through learning. The positive results in the extant literature on labeling,

as surveyed above, are thus likely to be due to other effects of information provision,

such as the increase in salience of climate change or the communication of a social

norm, which were not varied in our experiment. To provide additional evidence for this

assertion, the next section presents results from a survey experiment that was tagged

onto the climate survey presented in Section 2.

29



4.3 Survey Experiment

To lend robustness to the results of the Butcher experiment, we now present additional

evidence from a survey experiment that we conducted at the end of the climate survey

of Section 2. The survey experiment provided some participants with information about

the CO2 emissions associated with several consumption behaviors.

Our main outcome variable is participants’ self-reported consumption two weeks af-

ter information was received, which differs from the willingness to pay we elicited in

the Butcher experiment in several key ways. First, the self-reported consumption cap-

tures past purchase decisions. This variable may be more intuitive for the participants

compared to the willingness to pay, but it is further removed from the predictions of

our structural model. Second, consumption was self-reported rather than incentivized.

While self-reports have obvious drawbacks, they may be more responsive to informa-

tion and allow a more sensitive test of the effects of information. Third, we measured

self-reported consumption some time after the information provision so we can speak

about information retention.

The design of the survey experiment allows us to refine the interpretations of the

null result in several ways. First, it allows us to check the results in the exact sample

that we used for the model predictions in Section 3, alleviating potential concerns about

switching samples in the Butcher experiment. Second, it allows to test if the null effect

replicates for other products. Finally, the survey experiment allows us to separate

the effect of information content from the broader effects of information provision.

Recall that in the Butcher experiment, all participants obtained information about

some benchmark products, which kept the salience of climate impact and the presence

of information constant. By contrast, the survey experiment features an additional

control group that received no information at all. This condition may help reconcile

our null result, which relates to information content, with the broader labeling effects

of information provision in the literature.

Design of the survey experiment

The first part of the survey experiment (“Session 1”) took place at the end of the survey.

The second part (“Session 2”) took place approximately two weeks later (between the

16th and 21st of December 2020), when we re-contacted the participants for another

round of the survey. Figure 1 shows the timeline of tasks in Session 2, which we now

discuss in more detail.

Session 1. After the WTM elicitation, participants received information about the

emissions associated with a subset of products randomly selected from the 12 products
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in our survey.25 The information provided the latest scientific estimate of the carbon

impact of each product and included a link to the source of the information.

To ensure participants engaged with the information, they were first required to

repeat it back to us (Figure A.5 in the Online Appendix). Subsequently, we presented

them with a “surprise” short-term memory task where they had to recall the information

again. Each correct answer earned an additional £0.20 bonus (Figure A.6 in the Online

Appendix). Finally, we asked several questions about participants’ consumption of the

products included in the survey. Among these questions, we inquired whether partic-

ipants planned to reduce their consumption of each of the products due to their CO2

emissions (“Intentions”). See Online Appendix A.1.3 for the complete list of questions.

Session 2. We called back participants 13 to 18 days after the first session. Out of

our original 1,022 participants, 946 (92.5%) completed the second session. At the start

of the survey, we elicited participants’ beliefs about the emissions of the 12 products,

some of which they may have been informed about in Session 1. We followed the exact

same procedures as in the first survey, eliciting both point estimate and subjective

probability distribution. Finally, we asked the participants whether they changed their

consumption of any of the products in light of the associated carbon emissions since the

previous session (“Consumption”).

Results of the survey experiment

We first ask whether the information provided in Session 1 affected beliefs two weeks

after it was communicated. Consistent with the rest of the paper, our focus is on beef.

Figure 10 shows CDFs of elicited beliefs prior to receiving information in Session 1,

and after having received information in Session 2. Panel A shows that beliefs about

beef do not significantly differ before any participants received information in Session 1

(two-sample Kolmogorov-Smirnov test, p = 0.151). Panel B shows that information

effectively shifted beliefs and reduced underestimation of CO2 emissions (two-sample

Kolmogorov-Smirnov test, p < 0.001). However, it is notable that only a minority

of participants remembered the exact value, and a majority still underestimated the

impact of beef. Figure A.14 in the Online Appendix shows results for all products, split

by those who over and under-estimate, and shows that the beliefs generally moved in

the direction of the correct answer after information was provided.

Next, we ask whether information affects self-reported behavior. We first focus on

participants who received information about at least some of the products, making the

survey experiment most comparable to the Butcher experiment, where all participants

25We implemented three different conditions: 322 participants received information about 6 of the
12 products we used in the survey, 344 received information about only 3 products, and the remaining
356 participants received no information. These different information treatments were designed to
explore issues related to recall and information overload, which are not analyzed in this paper.
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Figure 10: Impact of information on beliefs about the impact of beef and poultry. Notes:
Panel A shows beliefs from the original survey in Session 1, before information was given.
Panel B shows beliefs in Session 2. Vertical lines correspond to the “true” size of CO2 emissions
(68.39 miles). Numbers in parentheses indicate the number of observations.

were informed about the emissions associated with a beer and domestic flight. For a

specific product, such as beef, we thus compare participants who received information

about beef and several other products, with those who received information about prod-

ucts other than beef. As an outcome, we focus on self-reported decreases in consumption

reported in Session 2. However, all results remain robust when considering consumption

intentions reported in Session 1 instead (see the first two columns in Table A.8 in the

Online Appendix).

Table 5 presents the results from linear regressions testing the effect of informa-

tion on consumption. The first column focuses on beef consumption, replicating the

finding of the Butcher experiment by showing no significant effect of information on

consumption. The second column examines all products. Given the general tendency

of participants to underestimate the CO2 impact of consumption behaviors, one might

anticipate an overall reduction in consumption.26 However, the small point estimate is

not significantly different from zero, indicating that this expectation is not met.

We further investigate the role of information in correcting misperceptions by lever-

aging reported beliefs from Session 1. We construct three belief-based proxies to predict

the effect of information provided at the end of the session. First, we measure whether

participants underestimated the impact, which should lead to a larger consumption re-

duction. Second, we compute the degree of underestimation, which should lead to a

larger consumption correction. Finally, we construct the predicted effect of informa-

tion based on the model outlined in Section 3, incorporating both the participant’s

belief and their willingness to mitigate. Table A.9 in the Online Appendix reports re-

gressions of consumption reductions on these three measures, focusing exclusively on

the product-participant pairs that received information about the impact. The results

clearly indicate no significant effect of information using any of these belief-based mea-

26We exclude observations featuring the product category “flight,” as there was little opportunity
to fly during the COVID-19 pandemic. Figure A.15 in the Online Appendix shows the effect product
by product.
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Table 5: Effect of information on consumption.

(1) (2) (3)
Consumption reduction Consumption reduction Consumption reduction

Beef All products All products

Information −0.034 −0.001 0.050∗∗

(−0.806) (0.011) (0.021)

Observations 613 6,742 6,218
R2 0.198 0.124 0.121

Notes: The dependent variable is self-reported consumption reduction of beef (column (1)) and of
each of the 12 products in the survey (columns (2) and (3)). This variable is a dummy equal to 1 if
the participant reported a reduction in the consumption of a given product.Information is a dummy
variable equal to 1 if we provided information about emissions for a participant-product observation
and 0 otherwise. The sample in columns (1) and (2) includes all participants who received at least
some information. The sample in column (3) consists of participants who received no information and
those participant-product observations for which we provided information. Robust standard errors in
(1) and standard errors clustered at the individual level in (2) and (3) are reported in parentheses. ∗:
p < 0.1; ∗∗: p < 0.05; ∗∗∗: p < 0.01.

sures. This further underscores that changes in beliefs do not translate into changes in

consumption behavior.

Finally, we examine the condition where participants were not informed about the

impact of any product and compare it with participant-product pairs for which we

provided the information. The difference between these two groups captures the broader

effects of information provision, which may include increasing the salience of the climate

impact on CO2 emissions in general, communicating normative expectations on the side

of the experimenter, and other changes in the perception of the consumption decision

unrelated to emission size. Column (3) of Table 5 shows a positive and statistically

significant impact of information relative to this control group. This result replicates

when examining consumption intentions from Session 1 (see column (3) in Table A.8

in the Online Appendix). These findings indicate that information per se influences

consumption behavior, even when changes in beliefs induced by the information do not.

Discussion

We replicate the main finding from the Butcher experiment that correcting mispercep-

tions about emission sizes has no impact on the consumption of beef (or any other

product). This evidence is all the more striking, since it would have been easy for par-

ticipants to self-report a socially desirable change in consumption after learning that

a product is more polluting than expected. Moreover, we do observe a broader effect

of information provision per se. This suggests that the effects of information provision

in the current literature do not (just) arise from the content of the information, but

from the act of providing information itself. Information provision may increase the

salience of climate change or may communicate a normative signal to participants that
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it is important they do something, or may make participants feel more capable of taking

action.27 More generally, these results suggest that climate labeling primarily affects

consumption through channels other than correcting misperceptions of consumers. A

better understanding of these alternative channels might be important in the design of

effective information policies.

5 Conclusion

We have used incentivized survey techniques to elicit both beliefs about the carbon

impact of consumer products and the valuation of this impact. We find that most

consumers underestimate the impact, but heterogeneity is large. While they are will-

ing to pay to offset carbon emissions, this willingness is highly concave and varies by

subgroups. We use these inputs in a simple structural model to predict the impact of

information. In two experimental tests, we find no support for our predictions: despite

a correction in the beliefs about beef meat, subjects are unresponsive in their valuations

of beef products or their intentions to reduce consumption.

Our results show that correcting consumer beliefs does not necessarily lead to lower

demand for carbon-intense consumer products, even in settings where misperceptions

are large, and consumers indicate that they are interested in offsetting emissions. The

results suggest that the climate impact of behavior is not a strong motivating force in

the general population.

Our results also speak to the implications that can and cannot be drawn from exist-

ing evidence. First, we see our findings as consistent with those of studies that show the

effects of climate labels, which are often small and short-lived. Our results suggest that

behavioral effects from such labels are not primarily driven by changes in individual

beliefs, but by other channels, such as an increase in the salience of the climate change

phenomenon (Schulze-Tilling, 2025; Bettinger et al., 2022), or social norms of mitiga-

tion. In addition, our representative sample differs from that in most previous studies,

which often use university canteens, supermarkets, or restaurants, that may attract a

particular segment of the population.

Second, evidence of widespread misperception of the climate impact of different con-

sumption behaviors has sometimes been used to argue that information campaigns can

lead to meaningful change. We show that this conclusion may be too optimistic. Simi-

larly, other papers have investigated attitudes toward climate change by using donation

decisions, willingness to mitigate, and survey responses. The results from these pa-

pers may be important in their own right, but our results temper confidence that these

measures translate directly into everyday behavior like food consumption.

27We find suggestive evidence that the information treatment makes participants feel more informed,
and that more informed participants reduce consumption more.
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In fact, the picture that emerges from our and other studies is that the immediate

return on information policies does not justify their current popularity among policy

makers. It suggests that relying on the good intentions of informed individuals will not

by itself deliver the important changes that we need in our carbon consumption, and

that we will need to rely on more systemic approaches (Chater and Loewenstein, 2023;

Kaufmann, Andre and Kőszegi, 2024). Of course, our results leave open the possibility

that other types of information provision in a different context will be more effective in

changing behavior. Having more informed citizens may also have other beneficial effects

through long-run reflective processes, for instance by increasing political support for a

carbon or meat tax. Future research should help elucidate such mechanisms.
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