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Abstract

Despite their desirable properties, carbon taxes have received low public

support. Leading explanations attribute the rejection of carbon taxes to prefer-

ences and ideology. We show that voters make simple mistakes when reasoning

about the consequences of such policies. We focus on leading versions of car-

bon taxes that are designed to draw wide public support by issuing dividend

payments from collected revenues, resulting in a policy that is progressive and

produces more winners than losers. Using experiments, we show that subjects

have speci�c blind spots in reasoning about policies with taxes and dividends,

even when described in simple terms and in incentivized, abstract settings that

remove scope for preferences and ideologies. Based on these �ndings, we in-

troduce a new policy that is isomorphic to a leading carbon tax proposal, but

engineered to be robust to these cognitive frictions. In a U.S. survey conducted

in Summer 2023 we �nd that our new policy (which we call �carbon penalty and

reward�) garners 30 percentage points more public support than the original pro-

posal (known as �carbon fee and dividend�). Using independent measures, we

show that this increase in support is concentrated in people who have di�culty

reasoning about the policy structure.
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1 Introduction

Economists have long argued that directly pricing carbon with a tax is the ideal

approach to mitigate climate change. Despite being e�cient and e�ective, carbon

taxes are not common and have low support in opinion polls.1 The leading carbon tax

designs recycle the revenue collected from the tax into uniform payments. For many

years, economists and policy experts expressed hope that carbon taxes, paired with

payments from the revenue, would attract support from the many voters expected

to �nancially bene�t(Shultz and Halstead, 2018).2 But public support for this Fee &

Dividend policy, as it is commonly known, appears to be low in many countries, and

is frequently rejected by voters most likely to bene�t. The leading explanation is that

ideology drives these choices (Douenne and Fabre, 2022; Mildenberger et al., 2022).

In this paper, we provide evidence of an alternative explanation. We show, by

analyzing incentivized choices in laboratory experiments, that people make system-

atic mistakes when reasoning about the consequences of policy structures like Fee

& Dividend. These experiments use abstract policy-selection tasks that lack scope

for preferences and ideologies. We identify the key behavioral blind spots and use

them to design a new policy that is isomorphic to Fee & Dividend but robust to key

cognitive frictions identi�ed from the lab study. We test this new policy, Penalty &

Reward, in a nationally representative survey, and independently measure the voters'

policy reasoning skills, with incentives, on the abstract tasks used in the lab. De-

spite being theoretically equivalent, Penalty & Reward is more than 30 percentage

points more popular with voters than Fee & Dividend, and this gap in public sup-

port is concentrated in people who demonstrate systematic di�culties on the abstract

policy-selection tasks.

1For appealing theoretical qualities, see Pigou (1924); Baumol and Oates (1971); Baumol (1972);
Montgomery (1972); Tietenberg (1973); Nordhaus (2001); Baranzini et al. (2017); Cramton et al.
(2017); Blanchard et al. (2023). For e�ectiveness reducing emissions at minimal cost, see Murray
and Rivers (2015); Andersson (2019); Colmer et al. (2022); Metcalf (2021, 2023).

2The carbon fee and dividend policy has the endorsement of thousands of economists, including 28
Nobel laureates. For detail, visit econstatement.org. It is the central policy proposal for two major
climate policy advocacy organizations, the bipartisan Climate Leadership Council and the Citizen's
Climate Lobby. The percentage of households expected to bene�t, in consumption terms, varies by
study ranging from 56%(Fremstad and Paul, 2019) to 70%(Horowitz et al., 2017) in the U.S., with
bene�ting households belonging predominantly to lower-income and middle-income quantiles.
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Cognitive costs and limitations play an increasingly important role in behavioral

economics. Errors and inattention, not preferences, evidently explain a wide range of

choice anomalies.3 The role of cognitive frictions in voter behavior, even when vot-

ers seem to make imprudent choices, cannot be measured from existing data, where

individual tastes and information are potentially important confounds. Studies ana-

lyzing referendums and polls on carbon pricing highlight the politicization of climate

change.4 Given the costs of assessing unfamiliar policies, it is also worth exploring

the cognitive roots of any misconceptions voters might have about them.

Our experimental design isolates the core reasoning required to evaluate real-

world pricing policies, but in the absence of confounds, like variations in risk, time

or social preferences, or variations of information, and free of scope for ideological

factors. Despite a simpli�ed, apolitical setting, subjects frequently make reasoning

mistakes, and in a systematic way that could explain policy attitudes and outcomes

documented throughout the world. Distinguishing the role of cognitive frictions from

preferences or beliefs is important, as it can tell us whether policies can be modi�ed

or clari�ed to be better received. If voters who reject Fee & Dividend despite being

likely to bene�t from it are revealing their true preferences � for instance, rejecting

the policy on moral or political grounds � then how policy makers respond would be

di�erent than if the voters were making reasoning mistakes.

Policy choices require hypothetical thinking and su�cient attention to various

costs and bene�ts. An individual's incentive to expend cognitive e�ort on policy

comprehension is low, but the aggregation of these small decisions is highly conse-

quential (Downs, 1957). This paper attempts to address this by reducing the cognitive

e�ort required to evaluate a policy by (1) diagnosing the troublesome mechanisms of

voting errors in the lab, and (2) using these errors to guide a better policy design

that reduces the likelihood of evaluation errors by voters and better elicits their true

3On taxes, health plan selection and other consumer decisions (Abeler and Jäger, 2015; Rees-
Jones and Taubinsky, 2016, 2020; Bhargava et al., 2017; Chetty et al., 2009; Lacetera et al., 2012);
and on risk, time, strategic, and other decision behavior that deviates from classic choice axioms
(Oprea, 2022; Enke et al., 2023a; Banovetz and Oprea, 2023; Nielsen and Rehbeck, 2022).

4See Mildenberger et al. (2022); Douenne and Fabre (2022); Anderson et al. (2023). The studies
�nd strong association of policy support with political identity, and also that inaccurate initial
impressions can be di�cult to correct with rich supplemental information.
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preferences.

Choices in the lab reveal, among many possible cognitive mistakes that might bias

policy selection, one that stands out: neglect of Distributed E�ects. A voter deciding

whether to support a carbon tax must consider multiple e�ects on her welfare, and

the Distributed E�ect is the proposed tax's welfare impact via distribution of tax

revenues. When a voter belongs to a large population, Distributed E�ects are a prod-

uct of aggregate behavior and independent of a voter's own consumption decisions.

Neglect of Distributed E�ects, or NoDE, systematically biases cost-bene�t analyses

of policy proposals and drives frequent rejection of privately bene�cial taxes and sup-

port of privately harmful subsidies. This �nding motivates a new policy design that,

in a test of support using a national sample, succeeds in winning public favor.

By removing the Distributed E�ects that give voters di�culty, Penalty & Reward

is designed to be more transparent than Fee & Dividend. A Fee & Dividend can be

understood to produce two groups: (i) net receivers, whose dividend exceeds their tax

payments; and (ii) net payers, whose tax payments exceed their dividends. These two

groups are separated by a threshold at the per capita level of carbon consumption,

a fact that requires accurately estimating and aggregating multiple e�ects. Because

this assessment breaks down under NoDE, we design Penalty & Reward to linearly re-

ward below-mean consumers based on how far beneath the population average their

emissions reach, and linearly penalize above-mean consumers for emissions beyond

the average. Instead of everyone paying taxes and collecting dividends, Penalty &

Reward conducts a single transaction. We demonstrate that when penalty and reward

rates are set identical to the fee rate in Fee & Dividend, these policies are econom-

ically isometric. In a nationally representative survey, we measure attitudes toward

both policies and vulnerability to cognitive biases including NoDE that could explain

di�erences in support for the two policies.

We �nd dramatically higher support for Penalty & Reward than for Fee & Div-

idend, showing that carbon pricing can be made much more popular by reducing

the scope for cognitive frictions in policy decisions. Whereas 48% of voters express

support for Fee & Dividend, 83% support Penalty & Reward. Other factors, like be-

lief in climate science, play a role in our results, but Penalty & Reward's popularity

4



advantage over Fee & Dividend holds across the political spectrum and is strongest

among participants who discounted Distributed E�ects in the abstract tasks.

This study contributes to our understanding of how support forms for impor-

tant economic policies. The theoretical and practical advantages of a well-designed

carbon tax make the reasons for its rare adoption worth careful exploration. Stud-

ies documenting low public support of carbon taxes date back to Baron and Jur-

ney (1993). Findings in Dresner et al. (2006), Steg et al. (2006), Kallbekken and

Aasen (2010)Kallbekken and Sælen (2011),Sælen and Kallbekken (2011), Baranzini

and Carattini (2017), Carattini et al. (2017) Douenne and Fabre (2022), and Deche-

zleprêtre et al. (2022) together suggest that worry about impact to one's household

and to low earners, perception of limited e�ectiveness, and concerns about how rev-

enues would be spent have been consistent factors. Green subsidies tended to be more

popular in comparison.5

In recent years, Fee & Dividend has become the leading carbon pricing strategy

because of its promising qualities. The fact that it is misunderstood is striking. Af-

ter all, Fee & Dividend is designed to be among the simplest structured policies:

a linear tax and a uniform lump sum o�set. The perception that it is regressive

(Douenne and Fabre, 2022; Mildenberger et al., 2022; Maestre-Andrés et al., 2019)

contrasts with economic intuition, as well as with careful work from empirical public

economists(Cronin et al., 2019; Metcalf, 2023, 2021; Fremstad and Paul, 2019; Bu-

dolfson et al., 2021; Boyce, 2018; Goulder et al., 2019). In France, Douenne and Fabre

(2022) measure support for carbon Fee & Dividend at about 10%, despite the fact that

70% of households are expected to directly bene�t: only 14% of households think that

they will. Only 12% of expected winners who received an informational intervention

positively updated their initial view of the policy. In our sample, treatments in which

a Fee & Dividend proposal included supplemental sentences to assist in assessing the

policy had similarly small e�ects, increasing the proportion supporting the policy by

at most 3 percentage points.

By quantifying cognitive barriers to rational policy acceptance and designing a

5Interestingly, evidence in the lab and the �eld suggest that experience with externality pricing
improves support (Janusch et al., 2021; Vora and Zappala, 2025).
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policy engineered to overcome these barriers, we contribute to an emerging literature

that considers political economy through a behavioral lens. Other papers leverage

controlled experiments to characterize how individuals understand and select poli-

cies. Among the many important �ndings from this literature are that consumers

prefer taxes applied to a producer than to themselves, even though the tax is passed

through(Sausgruber and Tyran, 2005, 2011); policy labels matter and revenue recy-

cling can improve policy acceptability (Kallbekken et al., 2011); subsidies are gen-

erally preferred to taxes and smaller policy magnitudes are better tolerated(Cherry

et al., 2012); repetition, feedback and learning can correct aversion to corrective taxes

(Cherry et al., 2014); and when choosing among games, equilibria are not especially

salient (Dal Bó et al., 2018). The experimental component of our project builds on

this work by attempting to identify and quantify underlying behavioral mechanisms

that drive preferences for tax and subsidy policies.

Documenting strong support for Penalty & Reward suggests that people do not

necessarily oppose carbon pricing, but that frames matter. A small amount of com-

plexity can play an outsize role in the presence of cognitive and attentional constraints.

Addressing these bounds to rationality in policy design can reduce gaps between peo-

ple's actual priorities and the policies they support.

The paper is organized as follows. Section 2 details possible mechanisms for bi-

ased policy evaluation. Section 3 details the design and results of the Diagnostic

Experiment to generate a data set of abstract problem-solving behavior that can nar-

row down, among possible mechanisms, a primary driver of policy selection mistakes.

That primary driver, NoDE, motivates the a new policy design, Penalty & Reward,

introduced in Section 4, that is isomorphic to Fee & Dividend and robust to NoDE.

Section 5 details a survey experiment to elicit the popularity of Penalty & Reward

and Fee & Dividend in a national sample, while gathering explanatory variables for

policy support including cognitive factors. Section 6 presents the results of the survey;

Section 7 elaborates on the implications of these results; and Section 8 concludes.
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2 Cognitive biases in policy evaluation

In this section, we detail computational errors that can systematically bias evaluation

of a policy like Fee & Dividend. We are careful to separate these from informational

imperfections. A voter with perfect information about everyone's demand function

can fail to use that information properly. For example, a voter may misjudge the size

of what he loses in consumer surplus or what he gains from the dividend. For another

example, he may fail to properly account for the private welfare impact of changes

to consumption that follow a policy introduction. Ex ante, we don't know where

reasoning may break down and therefore cast a broad net. Collecting data of policy

selection decisions while carefully varying the scope for many potential mistakes could

narrow down a list of possible errors to a mistake of highest importance in political

outcomes.

To best distinguish cognitive factors from informational ones, we present a frame-

work with perfect information: voters assess a proposal with full knowledge of the

market price for carbon, their own carbon demand function, and the aggregate carbon

demand function.6 Yet assessment requires attending to the information and calcu-

lating net impact. A voter i has a demand function for carbon (i.e. fossil fuels), qi(p),

and inverse demand function pi(q). Aggregate demand is Q(p).7 Let p0 represent the

price at present and pτ represent the price after the introduction of a proposed tax

τ . Voters belong to a very large population of size N. We can begin with the rational

voter's estimation of the change to her own consumer surplus:

CSi,τ − CSi,0 =

∫ q(pτ )

0

pi(q)− pτ dq −
∫ q(p0)

0

pi(q)− p0 dq = −
∫ pτ

p0

qi(p) dp

Next we consider the welfare e�ect resulting from the introduction of a dividend,

6For simplicity, we abstract from demand for various fossil fuels by simply referring to a market
for carbon; we assume carbon is competitively produced at price p, and thus τ = pτ − p0; utility is
quasilinear with respect to carbon. After voting on a proposal, it is either enacted or the status quo is
maintained. Then, with full knowledge of the proposal's success or failure, voters make consumption
choices.

7Throughout the paper we assume demand functions that are continuous and nonincreasing in
p.
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D, paid from the tax revenue:

Di,τ −Di,0 =
τ Q(pτ )

N
− 0

This results in the near-term impact of the policy, which does not include a voter's

private value for the policy's reduction to climate externalities:

UFD
i = −

∫ pτ

p0

qi(p)dp +
τ Q(pτ )

N

For now, we analyze the voter's decision problem considering only near-term con-

sequences, which the literature points to as a key driver of negative carbon policy atti-

tudes. For the large subset of voters unconcerned about climate change, for whatever

reason, the near-term assessment represents their entire assessment problem. Later,

we will discuss the inclusion of climate externalities to the assessment problem.

2.1 Assessing a Policy for the Near Term

The impact to consumer surplus of a tax (compensating variation) results in a neg-

ative Consumer E�ect, or −
∫ pτ
p0

qi(p)dp. In contrast, the policy's impact on the

distribution of tax revenue, which we will call the Distributed E�ect, is positive,

+ τQ(pτ )
N

. When considering a broader range of policies, Consumer and Distributed

E�ects can take either sign, as we will soon discuss.

A voter might estimate these two e�ects with cognitive biases. For example, the

Consumer E�ect may seem more visible, familiar, or consequential to a voter than

Distributed E�ects. The fact that Distributed E�ects accrue to a voter passively

through the aggregate behavior of other consumers may cause it to be discounted

and made peripheral to a voter's focus. Behavioral economics in recent years has

documented many instances of imperfect salience and di�culties with hypothetical

thinking, both of which could play a role in voter assessment of the Distributed E�ect.

While a tax's Consumer E�ect is salient and painful to all, its Distributed E�ect could

seem remote and di�cult to quantify without experience, and a voter could misjudge

the relative and absolute sizes of these two typically opposing private welfare e�ects.

Another key mistake that voters might make is to fail to account for how a policy
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introduction will change consumption. For example, a failure to reason hypotheti-

cally could cause a voter to evaluate a policy's impact as if the quantity demanded

would be una�ected by the policy's introduction or cause her to account for less than

the full magnitude of change.8 We will refer to the calculation of a policy's welfare

impacts, holding quantity demanded �xed, as the Direct E�ect. We call the welfare

adjustment that accounts for response of consumption to new prices as the Equilib-

rium E�ect, borrowing the term from Dal Bó et al. (2018). The near-term value for

Fee & Dividend:

UFD
i = −τqi(p0) +

∫ pτ

p0

qi(p0)− qi(p)dp +
τ Q(p0)

N
− τ(Q(p0)−Q(pτ ))

N

The �rst term, −τqi(p0), is the Direct E�ect, the policy's impact on a voter's

consumer surplus holding her consumption choices �xed. The next term,
∫ pτ
p0

qi(p0)−
qi(p) dp , is the Equilibrium E�ect, which corrects the Direct E�ect to account for

the voter's best consumption response. A tax raises prices, making some of the voter's

carbon consumption unpro�table to continue. An Equilibrium E�ect removes the

losses incurred from unpro�table (and unlikely) purchases that would have occurred

if the voter �xed consumption at the level prior to the policy's introduction. The

Direct E�ect and the Equilibrium E�ect together compose the Consumer E�ect. A

failure of equilibrium thinking could also a�ect accurate estimation of the policy's

Distributed E�ect, which results almost entirely from others' consumption behaviors.

The term τ Q(p0)
N

is theDistributed Direct E�ect, or the dividend that would result

from holding aggregate quantity demanded �xed. The term τ(Q(p0)−Q(pτ ))
N

represents

theDistributed Equilibrium E�ect, the adjustment to the Distributed E�ect that

re�ects the shift in aggregate consumption attributable to the tax.

In tax (and subsidy) policies, the elements described above are additively separa-

8An elastic consumer who buys 20 gallons of gas a week, when asked to consider the minimum
weekly payment they would be willing to accept in exchange for a permanent $1 increase in price
might re�exively (and often mistakenly) think $20.
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ble. For a more detailed discussion of these four key e�ects, see Appendix A.1.

U∆τ = Direct E�ect + Equil E�ect︸ ︷︷ ︸ + Dist Direct E�ect +Dist Equil E�ect︸ ︷︷ ︸
Consumer E�ect Distributed E�ect

Because of the errors that we have laid out, voters could ignore or misweight the

four key e�ects, resulting in a potentially inaccurate value, V̂ , for the policy. For a

rational voter, ι and λ in Equation 1 and κ, η, ν, and θ in Equation 2 would equal 1;

for a biased voter, some or all coe�cients would deviate from 1.

Û∆τ = ι Consumer E�ect + λ Distributed E�ect (1)

Û∆τ = κ Direct E�+ η Equil E�+ ν Dist Direct E�+ θ Dist Equil E� (2)

A data set of voters' choices across a su�ciently varied set of policy scenarios

would allow us to identify any such biased weighting.

There are other cognitive phenomena that may bias policy selection. A voter may

�nd the presence of a tax or subsidy complex, wish to avoid the cognitive cost of eval-

uating it, and thus reject it: we call this Policy Aversion and its opposite, Policy

Bias. A voter may be averse to deviations from the status quo, resulting in Default

Bias (or its opposite, default aversion). Under another cognitive phenomenon, Loss

Aversion With Mental Accounts, or LAMA, voters exaggerate the policy compo-

nents that a�ect them negatively. This biases cost-bene�t analysis by overweighting

a policy's true costs. For a policy proposal with a tax (like Fee & Dividend), the

Consumer E�ect is negative and the Distributed E�ect positive, resulting in a weight

larger than 1 to the Consumer E�ect, in that instance. For a subsidy proposal (or a

proposal to lower a tax), the Distributed E�ect is negative and would get a subjective

weight larger than 1. These misweightings can lead to mistakes. We provide a deeper

discussion of LAMA and its potential role in policy selection in Appendix section A.3.

The literature highlights pessimism about near-term household impact as a driver

of Fee & Dividend rejection, and associates pessimism with ideology. However, if cog-

nitive errors pertaining to Consumer E�ects, Distributed E�ects, Equilibrium E�ects,

Policy Aversion, Default Bias or LAMA play an important role, it may be possible to
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use that knowledge to improve the accuracy or policy perceptions.

2.2 Climate Externalities

Carbon taxes also produce private welfare impacts in the long run through the reduc-

tion in climate externalities. Unlike the calculation of immediate �nancial impact, it

is di�cult to determine whether a voter's circumstances, beliefs, or risk, time, and

social preferences could rationalize her estimate of a proposal's �Climate E�ect� on

welfare.

We now add a term, ϕi(Q(p0)−Q(pτ ), to the value, where ϕi is a voter's private

bene�t from reduction to climate externalities, for each unit of carbon reduced.

UFD
i = −

∫ pτ

p0

qi(p)dp +
τ Q(pτ )

N
+ ϕi(Q(p0)−Q(pτ ))

Climate E�ects share many attributes of Distributed E�ects, and may be subject

to similar discounting or neglect. To a voter, they both result (almost entirely) from

the consumption choices of others and may be less salient or familiar. Regardless, for

any τ ≥ 0 and ϕi ≥ 0, the term ϕi(Q(p0)−Q(pτ ) ≥ 0. Thus, when a voter rejects a

�nancially bene�cial carbon tax, the private total cost of her selection mistake is at

least as large as the cost of her near-term �nancial mistake.

3 Diagnostic Experiment

A voter's choice can appear to con�ict with the voter's best interests. Could such

choices be driven by mistakes in reasoning about policy? The Diagnostic Experiment

is designed to (1) study whether people make mistakes in abstract choice problems in

the lab that test the reasoning required for policy selection in the real world; and (2)

test which of the potential mechanisms discussed in Section 2 drive selection mistakes.

3.1 Design

We create a simple decision environment capable of generating a rich data set in which

potential cognitive errors described in Section 2 can be identi�ed and quanti�ed.
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This requires su�cient variation in economic environments and policy options. Each

subject encounters 30 of these variations. For details, see Appendix B.4 and B.5.

In the decision environment, there is a �ctional good, referred to as �objects.� The

design uses real resale values for these �ctional objects to induce preferences, shown as

a demand function presented to participants in the experiment as a demand function,

on the left of their computer screens. Figure 1 shows an example. Participants are

asked to imagine an economy in which they are the sole human buyer of the good,

interacting with 1,000 robot buyers. Each robot has its own preferences, shown to

subjects on the right of their screens, as in Figure 1. The 1,000 robots have identical

preferences. An experimental currency unit, �francs,� is used to scale the actual,

dollar incentives to larger, whole numbers.9

Figure 1: An example of a status-quo environment with prices and resale values.

The supply of objects is inexhaustible with an exogenous base price. Any pur-

chaser, human or robot, can buy up to four objects. Purchaser budgets are always

set su�ciently high to never constrain a human or robot's capacity to buy that many

objects. Subjects must complete comprehension checks to ensure they understand

how to determine privately optimal purchasing behavior for purchasers in this envi-

ronment.

Subjects are then informed that all purchasing decisions will be made automati-

cally for them and for the robots to maximize each purchaser's pro�t from purchasing

objects, taking into account price and any other relevant facts in the environment.

9Twenty francs exchange for $1. Resale is described as happening automatically after purchase.
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Hence, no privately harmful purchasing mistake can possibly be made by any pur-

chaser, whether human or robot.

Subjects are told that the only choice the subject (human) must make is a �Feature

Choice�, phrasing that is chosen to avoid evoking any public policy connotations to

what is essentially a policy choice. A subject knows that she is the sole voter in this

environment and that the �Feature�(Policy) will be in place and taken into account

when automatic purchasing choices are made on behalf of each purchaser.

A �Feature Choice,� which we refer to going forward as Policy Choice, will mir-

ror a tax or subsidy, with a lump-sum o�set that preserves the proposal's revenue

neutrality.10

Figure 2: Consider this simple example involving a tax-and-dividend proposal. It
results in no loss of consumer surplus, and a dividend gain via recycled aggregate tax
revenue of 20 francs. Therefore, the optimal choice is to �Accept.�

10Taxes are o�set with positive dividends, subsidies with negative dividends. Uncertainty, tem-
poral factors, trust and impact on other humans are absent. This simpli�es policy selection into a
perfect-information computation task. Verbiage of policy, politics, or pollution, too, are absent.
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The Policy Choice page always comes after subjects have viewed details of the

environment, and these (status-quo) details are visible while the subject makes the

Policy Choice. Importantly, the Policy Choice varies by round, and does not always

involve a choice of introducing a Policy. The Policy Choice can be either: (1) to

accept or reject a new proposed Policy, or (2) to accept or reject a proposed reversal

of an existing Policy. The value to the subject of the Policy Choice is contingent

on the automatic, optimal purchases that are made subsequently on behalf of each

purchaser. In essence, no purchaser, human or robot, can buy an object if that

purchase is privately harmful nor can she fail to buy an object if that purchase is

bene�cial.

Alongside the binary Policy Choice decision, we elicit a subjective valuation for

the Policy Choice decision, relative to the rejected choice, using a slider bar task. We

ask subjects what it is worth to them, in francs, to get their choice, if the certain

alternative is to implement the rejected choice. Subjects are told that an accurate

report is in their best �nancial interest and that they can click a link to read details

of about the incentives. The link explains the incentive compatibility and is based on

the Becker-DeGroot-Marshak mechanism.11

The primary mistake that a subject can make is to choose a dominated option in

the binary Policy Choice. A secondary mistake is to misvalue a policy. All subjects

who err in the binary Policy Choice automatically err in subjective policy valuation.

However, a subject who makes a wrong Policy Choice and values their choice with

a high number of francs is �more wrong� than a subject who makes a wrong Policy

Choice and values their choice with a smaller number of francs.

For the 30 randomly assigned rounds in which subjects participate, we vary the

scope for errors pertaining to Consumer E�ects, Distributed E�ects, Equilibrium

E�ects, Distributed Equilibrium E�ects, LAMA Bias, Policy Bias, and Default Bias.

This is accomplished by varying parameters by round, including policy type (tax and

11In these details, subjects are told that their vote will be implemented with 95% probability, but
that with 5% probability the rejected option will be implemented and the subject will be given a 200
franc supplement to their budget. A number between 0 and 200 will be drawn, and if that number
exceeds their valuation, they keep the 200 francs and the rejected Policy Choice is implemented. If
the drawn number is beneath their valuation, the value of the drawn number is deducted from their
200 francs supplement, and the subject's Policy Choice is implemented.
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subsidy), policy magnitudes, status-quo conditions, prices and demand functions.

Subjects are aware that one round will be randomly chosen to determine their pay.

See Appendix section B.5, for full details about the experimental parameters, by

round. For implementation details see Appendix section B.2.

Figure 3: An example of a subsidy policy proposal.

Including subsidy proposals, an example of which is shown in Figure 3, is valuable

for a number of reasons. Discounting the Distributed E�ect can result in the rejection

of privately optimal taxes. However, Policy Aversion and LAMA could each produce

rejection of taxes as well. Recall that policy-averse voters tend to reject policies

because they do not wish to assess their welfare implications whereas LAMA voters

tend to reject policies because they exaggerate the costs of any policy relative to

the bene�ts. Including subsidy proposals in many rounds allows for instances that

separate the behavioral responses of subjects who discount Distributed E�ects from

those who are policy averse or exhibit LAMA.

3.2 Measuring behavioral biases

Using subjective valuations of policy proposals, we can estimate the weights in Equa-

tion 1, along with the other cognitive factors:

Uij = α + β1 Consumer E�ectj + β2 Distributed E�ectj

+ γ1 Neg. Term Magnj + γ2 Policy Magnj + γ3 Dev. Magnj + ϵij

(3)

Similarly, we can perform a regression to assess the subjective weightings on subef-

fects shown in Equation 2:
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Uij = α + β1Dir E�j + β2Equil E�j + β3Dist Dir E�j + β4Dist Equil E�j

+ γ1 Neg. Term Magnj + γ2 Policy Magnj + γ3 Dev. Magnj + ϵij

(4)

In Equations 3 and 4, we compare the β coe�cients to the rational benchmark of

1 and the γ coe�cients (Negative Term Magnitude, Policy Magnitude, and Deviation

Magnitude) to a rational benchmark of 0. Estimating the cognitive factors together

and comparing them to their rational benchmarks will reveal which factors are more

consequential. The degree of deviation from the rational benchmark corresponds

proportionally to money that subjects failed to capture, in expectation.12

The willingness-to-pay responses allow us to measure how subjects utilize the

experiment round's key parameters to form a subjective valuation for the policy pro-

posal. Below, we assign behavioral weights to evaluation elements detailed in Section

2. Due to additive separability in the two-parameter case (Consumer E�ect and

Distributed E�ect) and the four-parameter case (Direct E�ect, Equilibrium E�ect,

Distributed Direct E�ect, and Distributed Equilibrium E�ect), expressed in Equa-

tions 1 and 2 of the previous section, the marginal impact of any of these four e�ects

on a voter's subjective value is the behavioral weight. Therefore a linear regression of

participant i's value for proposal j on the four objective e�ect parameters of proposal

j will return an unbiased estimator of the subjective weights, given a su�ciently large

set of proposals J that are linearly independent. Deviation from the rational bench-

mark of 1 on the estimated coe�cient for the parameters represents a misweighting.13

Among the cognitive mechanisms that must be assessed is Loss Aversion with

Mental Accounts, or LAMA, when a voter aggregates a perceived total e�ect of a

policy move with he exaggeration to components that have negative welfare e�ects.

It might be that the Consumer E�ect of a proposal is negative, as is commonly the

case with proposals to introduce a tax or remove a subsidy. It might be that the

12Across the rounds that subjects can encounter, some rounds lack any scope for Equilibrium
E�ects. In other words, the proposal does not change any consumer's best consumption response.
Estimating Equation 3 solely on these rounds o�ers another strategy for isolating weightings on
Consumer and Distributed E�ects without confounding Equilibrium E�ects.

13We cluster observations at the subject level.
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Distributed E�ect is negative, as is commonly the case when the proposal introduces

a subsidy or removes a tax. To exaggerate costs when summing the costs and bene�ts

of a proposal is distinct from the consistent misweighting of the Consumer E�ect or

Distributed E�ect.14 (Recall that NoDE is a consistent misweighting of Distributed

E�ects). The regression equation below can measure and control for LAMA, absorb-

ing the systematic exaggeration of costs, by including as an explanatory parameter

the magnitude of either of the two e�ects that represent costs in that round. This

variable is called �Negative Term Magnitude,� and estimating a nonzero coe�cient

on it represents deviation from rationality.

To capture Default Bias or Default Aversion (where subjects systematically avoid

or prefer change from the status quo) the regression includes a control term that we

call �Deviation Magnitude,�(| τ1 − τ0 |) that measures in absolute terms the amount

of change that is being proposed in the Policy Choice. Similarly, a term called �Policy

Magnitude�(| τ1 | − | τ0 |) is included to control for Policy Bias or Policy Aversion.15

Neglect of Distributed E�ects can be measured nonparametrically by evaluating

the binary feature choices made by subjects. Correct choices will be harder to make

for subjects with NoDE when the magnitude of the Distributed E�ect (DE) exceeds

the magnitude of the Consumer E�ect (CE). Comparing correctness rates when |
DE |>| CE | to when | CE |≥| DE | or the overall correctness rate can illustrate

whether NoDE plays a role in policy selection.

3.3 Results and Discussion

We �nd that subjects frequently make mistakes in policy decisions, even in this sim-

pli�ed and incentivized perfect-information setting. Of binary choices, 26% were

dominated. In rounds in which the magnitude of Distributed E�ects exceeded the

magnitude of Consumer E�ects, 39.7% of binary choice responses were dominated;

for rounds in which Distributed E�ects were smaller than Consumer E�ects, 20.7%

14LAMA is conditional overweighting on either the Consumer E�ect and the Distributed E�ect if
its sign is negative.

15Subsidies are represented as taxes(τ) with negative values.
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were dominated.16 Thus, rounds with high scope for selection mistakes due to dis-

counting of Distributed E�ects had twice the error rate of rounds with low scope for

such mistakes.

In contrast, in rounds with high scope for errors driven by discounting of Equilib-

rium E�ects, mistake rates were only slightly higher than the average rate across all

rounds. When Equilibrium E�ects exceed Direct E�ects, the binary choice error rate

was 28%, versus 26% over all rounds. Equilibrium E�ects appear to play secondary

role in generating policy selection and valuation mistakes, which is con�rmed in the

regression results.

Table 1 distills the extent of deviation from rational benchmarks, by behavioral

factor, in policy valuation responses, and is drawn from the regression results in Ap-

pendix Tables 4 and 5. It clearly demonstrates the outsize role of Distributed E�ects

in generating valuation errors. Each dollar of Equilibrium E�ects is undervalued by

22%, on average (column 3). Loss Aversion with Mental Accounts (LAMA) mistakes

generate similar �nancial costs as Equilibrium E�ects for subjects (column 3). More

than twice those losses are generated by errors undervaluing Distributed E�ects, which

are discounted by 59% when separate from Equilibrium E�ects. An alternative way

of calculating the weight on Distributed E�ects, independent of Equilibrium E�ects,

is shown in column 1, in which the weighting on Distributed E�ects is calculated in

the subset of problems that lack scope for Equilibrium E�ects. There, we see a similar

magnitude of discounting by half (-0.500) relative to the rational benchmark.17 Note

that, in contrast, Consumer E�ects and Direct E�ects are valued consistently at near

the rational benchmark.

On an individual subject level, the distribution of the coe�cient on the Distributed

16Random guessing would produce an expected 50% correctness rate. A simple heuristic would
work well for the 87% of rounds in which there are distinct high demand and low demand types for the
human subject and robot counterparts. Among these questions, a heuristic in which a low-demand
type rejects subsidies and accepts taxes and a high-demand type accepts subsidies and rejects taxes
produces dominant binary choices 94% of the time, or 81% of the total available rounds.

17In column 3, we can see full neglect, on average, for Distributed Equilibrium E�ects. This
discount is moderately larger than the e�ect we might expect if the discounting of Distributed E�ects
and Equilibrium E�ects were independent of one another (β4<β2 ∗ β3). The welfare implications of
the full neglect of this term are ambiguous in the presence of the other discounting, but would costly
when voters encounter subsidy proposals. It combines two e�ects we are interested in independently,
and therefore we focus on measures of the e�ects when independent of each other.

18



E�ect re�ects wide variation in Appendix Figure 8, with most subject responses

re�ecting a weight of between 0 and the rational benchmark of 1.

Table 1: Deviation from rational benchmarks for subjective valuations

Deviation from rational benchmark

Equil E� Absent All Rounds All Rounds

Consumer E�ect 0.113 −0.134
Direct E�ect 0.049
Equilibrium E�ect −0.221∗

Distributed E�ect −0.500∗∗∗ −0.790∗∗∗
Distributed Direct E�ect −0.590∗∗∗
Distributed Equil E�ect −1.011∗∗∗

LAMA −0.043 −0.258∗∗ −0.225∗∗
Policy Bias 0.187 −0.200∗∗ 0.042
Default Bias −0.427 −0.227 −0.210

Notes: Columns 1 and 2 above result from estimating Equation 3 (�rst on the subset of
rounds where Equilibrium E�ects are absent, second on the full set of rounds) and are
drawn from Columns 4 and 2 of Appendix Table 4. Column 3 results from Estimating
Equation 4 across all rounds and is from Appendix Table 5 Column 2. Given the regression
speci�cations, the rational benchmark for Consumer E�ect and Distributed E�ect and
their sube�ects is 1. The rational benchmark for LAMA, Policy Bias, and Default Bias
is 0. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Across all speci�cations, the fact that Distributed E�ects are weighted mean-

ingfully lower than Consumer E�ects indicates that the dominated binary choices

characterized earlier in this section are to be expected. These mistakes resemble the

stylized policy attitudes documented in the policy survey literature: taxes are under-

favored and subsidies are over-favored (see Section 1).18 Having removed preference

confounds and controlled for alternative behavioral factors, the results suggest atten-

tional and computational explanations have a role to play in puzzling voting behavior

out in the world, most signi�cantly via Neglect of Distributed E�ects, or NoDE. For

the remainder of the paper, NoDE will be the primary cognitive factor of interest.

18The implications of this �nding likely extend beyond preference for the special case studied
here, taxes and subsidies with uniformly distributed o�sets as in Fee & Dividend. Neglecting Dis-
tributed E�ects could be a cognitive element that underlies �scal illusion (Puviani, 1903; Buchanan
and Wagner, 2013; Dell'Anno and Mourao, 2012); consumption responses to tax changes that de-
viate from Ricardian equivalence (Bernheim, 1987); and preference for predistributive policies over
redistributive policies (Kuziemko et al., 2023).
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4 Penalty & Reward: Theoretical Properties

We design a policy, Penalty & Reward, that removes the scope for neglect of Dis-

tributed E�ects, or NoDE. First, we present a behavioral model for NoDE that can

explain the dominant mistake in the Diagnostic Experiment and motivates the design

of Penalty & Reward. Next, we present the Penalty & Reward policy and explain

why it is outcome equivalent, in theory, to Fee & Dividend. Lastly, we detail how a

voter with NoDE would perceive Penalty & Reward and Fee & Dividend di�erently.

4.1 Neglect of Distributed E�ects (NoDE)

A voter i evaluates a tax (or subsidy) proposal as follows:

Û∆τ
i = Consumer E�ect + λi Distributed E�ect

where λi = 1 for a rational voter, and 0 ≤ λi < 1 for a NoDE voter.

A NoDE voter would partially or completely discount the value of a dividend when

evaluating a Fee & Dividend proposal.

4.2 Penalty & Reward: De�nition

The Penalty & Reward policy imposes (i) a linear penalty on each unit consumed

above a threshold in a period, for any consumer whose total consumption exceeds

the threshold, and (ii) a linear reward on the di�erence between the threshold and

the quantity consumed for any consumer whose total consumption is beneath the

threshold. The level of the threshold can change from one time period to another.

4.3 Demand and welfare equivalence to Fee & Dividend

In this section we will show that, when the penalty and reward rates are identical to

tax rates of Fee & Dividend, and when the Penalty & Reward threshold is set at the

population mean level of consumption for the period, these two policies theoretically

result in equivalent demand and welfare.
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A consumer's utility function under a general policy that taxes carbon at rate τ

and provides a lump-sum payment D is

UFD
i (qcarb, qclean) = ui(qcarb, qclean) +mi − pcarbqcarb − pcleanqclean

− τqcarb + D︸ ︷︷ ︸
Tax & Payment

The consumer maximizes utility with respect to two goods, qcarb and qclean, taking

endowment mi, prices pcarb and pclean, tax rate τ , and payment D as given. Fee &

Dividend is an instance of such a policy, where D is an equal per capita share of the

aggregate revenue.

Under Penalty & Reward, a consumer faces a similar maximization problem, tak-

ing mi, pcarb, pclean, a Penalty & Reward threshold, A, and penalty rate γ and reward

rate γ as given. The consumer's utility is

UPR
i (qcarb, qclean) = ui(qcarb, qclean) +mi − pcarbqcarb − pcleanqclean

− γ (1qcarb>A)(qcarb − A) + γ (1− 1qcarb>A)(A− qcarb)︸ ︷︷ ︸
Penalty & Reward

= Ui(qcarb, qclean) +mi − pcarbqcarb − pcleanqclean
− γqcarb + γA

For any tax rate τ and lump-sum payment D in a Fee & Dividend regime, when the

Penalty & Reward rate γ = τ and the Penalty & Reward threshold A = D
τ
, consumer

utility functions under Penalty & Reward and Fee & Dividend are equivalent. Thus

demand (q∗carb, q
∗
clean)i = argmax

qcarb,qclean

ui(qcarb, qclean) and indirect utility Vi(mi, pcarb, pclean)

are equivalent under both policies.19 20

19The equivalence of demand for each consumer implies equivalence of aggregate demand and
aggregate damage from externalities. We've demonstrated this as a partial equilibrium result, taking
prices as given under each policy, but it extends to general equilibrium. The policy, as framed here,
would have the equivalent e�ect on supply as Fee & Dividend. By showing that demand is equivalent
under each policy, prices, too, must be equivalent for any aggregate supply function, assuming a
unique equilibrium. Also, a variation of Fee & Dividend that taxes producers instead of consumers
should have the equivalent impact on equilibrium prices, demand or welfare, due to equivalence of
incidence.

20Doing this welfare comparison using a static model requires the assumption of no lags between
fees and dividends, or that such lags are accounted for by increasing dividends. If dividends can be
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WhenD = τ q̄carb, where q̄carb ≡
∑

i qcarb,i
N

, the mean level of consumption across the

population, we have the Carbon Fee & Dividend policy, with its property of revenue

neutrality. The threshold for the equivalent Penalty & Reward policy is A = q̄carb,

which is therefore also revenue neutral. The sum of transfers for each policy can be

expressed as follows:

∑
i

(− τqcarb,i + D) = τ
∑
i

(− qcarb,i + q̄carb) = 0

∑
i

(− γqcarb,i + γA) = γ
∑
i

(− qcarb,i + q̄carb) = 0

For either of the two proposals, a policy choice might be made with uncertainty

about the consumption choices of others. This uncertainty would then apply directly

to the size of the dividend in Fee & Dividend. Under Penalty & Reward, this un-

certainty would apply to the consumption threshold required to maintain revenue

neutrality. (The threshold separates fee payers from reward receivers.) In both Fee &

Dividend and Penalty & Reward, the uncertainty pertains only to the level of q̄carb,

and is thus identical under both regimes. Therefore, if aggregate consumption infor-

mation is imperfect, risk aversion will not result in any di�erences between these two

policies in incentives, quantities demanded, or welfare.

4.4 Behavioral Distinctions in How Policies Are Perceived

A voter must evaluate how a proposed policy will change his or her welfare, to de-

termine whether and how intensely to support the proposal. Proposals can have

Consumer E�ects, which are more direct and transparent to voters, and Distributed

E�ects, which are less direct and opaque to NoDE voters. Below we revisit the

framework from Section 2 for policy valuation.

As shown earlier in this section, the unbiased value of both the Penalty & Reward

and Fee & Dividend policies are equivalent. However, Penalty & Reward consists of

paid arbitrarily frequently, for instance, we have no need to consider how a lag between �rst-period
tax payments and �rst-period dividend could result in a welfare di�erence than if tax payments
and dividends occurred simultaneously. In the survey, we address this by o�ering an initial prepaid
expected dividend, which should remove any potential advantage of Penalty & Reward.
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only transparent e�ects, lacking a mechanism that produces any Distributed E�ect.

Therefore, a NoDE voter evaluating a Penalty/Reward policy would come to the same

value as an equivalent non-NoDE counterpart. We denote the subjective value of a

NoDE voter i with Ṽi.

UFD
i = UPR

i = ŨPR
i = −

(∫ pτ

p0

qi(p)dp

)
+

τ Q(pτ )

N
+ ϕi(Q(p0)−Q(pτ ))

The �rst term represents the change in consumer surplus, with qi(p) as the in-

dividual demand function for carbon. The middle term is the dividend, with Q(p)

representing the aggregate demand function for carbon. The �nal term is the private

bene�t from the change in the externality, with ϕi representing an individual's private

damage per unit damage. Prices p0 and pτ correspond to e�ective prices of carbon

without taxes and with tax rate τ , respectively.

In comparison to the transparency of Penalty & Reward, Fee & Divdend consisting

of a direct, familiar Consumer E�ect and a relatively opaque Distributed E�ect. As a

result, aggregating these two e�ects when evaluating Fee & Dividend, a NoDE voter

discounts the Distributed E�ect.

ŨFD
i = −

(∫ pτ

p0

qi(p)dp

)
+ λi

τ Q(pτ )

N
+ ϕi(Q(p0)−Q(pτ ))

While the di�erence in the value of these two policies is 0, a NoDE voter, with

0 ≤ λi < 1, assuming that both the tax rate and resulting aggregate consumption

quantity is greater than zero.

UPR
i − UFD

i = 0

ŨPR
i − ŨFD

i = τ(1− λi)(Q̄(pτ )) > 0

An alternative way to describe this is that under both policies there is an actual

and perceived consumption threshold above which you lose from the policy, and below

which you gain from the policy. In reality, the threshold is the same under both
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policies. This threshold is transparent under Penalty & Reward. But under Fee &

Dividend, it is opaque; for subjects with NoDE, the subjective threshold separating

fee payers from reward receivers is lower, suggesting that more consumers will lose

from the policy than is actually the case.

There are two alternative or additional cognitive mechanisms, False Correlation

and Mental Budgeting that could result in greater support for Penalty & Reward

than for Fee & Dividend that we test in the survey and are able to control for in

the evaluation of our primary NoDE hypothesis. We provide background on these

mistakes and detail the theoretical implications in Appendix A.4.

5 Survey-Experiment Design

The survey-experiment has two main purposes: (1) to assess whether people indeed

more strongly support Penalty & Reward than Fee & Dividend; and (2) to understand

whether the cognitive mechanism of NoDE can indeed help to explain any di�erence

of popularity between the two policies.

Accomplishing this requires survey participants both to assess policies and to par-

ticipate in incentivized tasks akin to those shown in the Diagnostic Experiment. We

designed the survey to also include questions that test for alternative or additional

mechanisms and to measure other voter characteristics that might drive policy atti-

tudes.

We will detail the three pieces of the survey: Policy Elicitation, in which partic-

ipants rate the two carbon policies; Abstract Policy Task, which tests for NoDE;

and a Questions section that includes markers for two additional cognitive biases

and other relevant factors. Afterward, we detail supplemental treatments, along with

delivery and sample characteristics.

5.1 Policy Elicitation

Half of subjects see the policy section �rst. The order in which the two policies are

displayed is randomized by individual, and that order remains constant throughout

the survey, to avoid any confusion.
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ss

Please read the following policies completely. You will

answer several questions about both of them.

Carbon fees and rebate payments: The government would tax

greenhouse gas emissions by $100 per ton. This is roughly equivalent

to a $1 tax per gallon of gasoline. The government gathers the

money collected from the new emissions tax and uses all of the

money to send every living resident an equal rebate payment. Before

the �rst week of the tax, one estimated rebate payment is paid to all

people in advance. Then, at the end of each week, the government

sends a rebate payment that evenly divides the week's tax collection.

Carbon penalties and rewards: The government would tax

greenhouse gas emissions by $100 per ton only on a person's emis-

sions that exceed the average individual level for the week. If your

emissions are above average, then the higher you emit, the more tax

you pay. Also, the government rewards $100 per ton for how much

below average a person emits. If your emissions are below average,

the less you emit, the bigger your reward. Taxes and rewards are

roughly equivalent to $1 per gallon of gasoline and paid weekly.

Participants then provide four ratings for each policy: Overall Support; Emis-

sions, or how successful a policy will be in curbing climate emissions; Your Fi-

nances, or how the policy will a�ect their household �nancially; and Low Income,

or how the policy will a�ect low income individuals. (For full text of each rating

prompt, see Appendix Section C.1.1.) The order of these questions is randomized

(as shown in Appendix Figure 10). For each rating question, subjects respond using

a slider bar with an integer from -100 to +100, and the text of the policy is always

visible. (For an image, see Appendix Figure 11.)
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5.2 Abstract Policy Task

Using decision environments from the Diagnostic Experiment, we measure NoDE for

each survey participant. Half of subjects encounter this section �rst. In each of

15 rounds, participants are o�ered a choice: to adopt a proposal or to maintain the

status quo. A proposal can take one of two forms: (1) accept or reject a new proposed

policy, or (2) accept or reject a proposed reversal of an existing policy.21

Every subject encounters the same 15 rounds, but in an order randomized by

subject. The 15 rounds vary in policy type (tax or subsidy), status quo (policy or

no policy), and optimal choice (accept or reject). Most importantly, the policies

vary in the magnitude of the change in Consumer E�ect and the Distributed E�ect.

This is accomplished by varying parameters across the 15 rounds, such as prices,

policy proposals, demand functions assigned to the participant, and demand functions

assigned to her robot counterparts.22

To minimize the survey length and di�culty, we do not elicit willingness to pay

as we did in the lab experiment. To measure neglect of Distributed E�ects, we �rst

calculate the coe�cients on the Consumer E�ect and the Distributed E�ect when

they are used jointly as regressors, with controls, on each participant's 15 binary

outcome choices.23 Then for each participant a calculate the di�erence between these

coe�cients.24

1Accept
ij = β0,i + β1,i Consumer E�ectj + β2,i Distributed E�ectj +X ′

jγi + ϵij

NoDE Scorei = (β1,i − β2,i) ∗ κ (a scaling constant)

That is, an individual's NoDE Score is the di�erence between the weights they

21Participants earn a $ 1 bonus if they make the better of the policy choices in a randomly drawn
round. Consistent with the Diagnostic Experiment, the Abstract Policy Task never uses the word
�policy,� and always uses the word �feature.�

22For a detailed look at all 15 of the rounds, please see Appendix C.3.

23Controls include terms for LAMA, Policy Aversion and Default Bias, shown in Section 3.2

24We multiply this di�erence in coe�cients for each subject by a �xed scaling constant κ = 40 to
allow our regression coe�cients to not be large.
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place on the Consumer E�ect and the Distributed E�ect, as estimated from a linear

probability model of their binary choices.

5.3 Questions section

Finally, subjects complete a questionnaire. All subjects encounter the questionnaire

after the Policy Elicitation and Abstract Policy Task sections. The questionnaire

includes state of residence, a demographic trait that Proli�c does not provide.

There are six questions to assess factors that might predict support for redis-

tributive climate change policies broadly: political orientation score, belief in climate

science, faith in how government spends money, impact of a carbon tax on own job

income, belief in appropriateness of redistribution from high earners to low earners,

and personal emissions relative to the population average. See Appendix section C.1.2

for more details.

Included are two questions to test alternative or additional mechanisms that would

produce di�erences in support between Fee & Dividend and Penalty & Reward: Men-

tal Budgeting and False Correlation mistakes. For theoretical background, see Ap-

pendix Section A.4. With the Fee & Dividend policy displayed on the page, the

Mental Budgeting question asks: �Do you agree with the following statement? Be-

cause carbon taxes in the �Carbon fees and rebate payments� policy make fossil fuels

more expensive than before, the payments that people get back from the policy will be

spent on their fossil fuel budget.,� with Agree as 1 and Disgaree as 0.

Similarly, the False Correlation question asks: �True or False? Under the policy,

I should not change my behavior because the more fossil fuel tax I pay, the more I'll

get back in payments.,� with True as 1 and False as 0.

5.4 Supplemental treatments

The elements discussed thus far comprise the main study. But we test variations in

the Fee & Dividend policy text that add information meant to improve receptivity

and have been proposed or tested in the literature.25 The goal is to compare support

25Informational interventions like these have had modest or disappointing results in the past
(Mildenberger et al., 2022; Douenne and Fabre, 2022).
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for Penalty & Reward to support of these �assisted� versions of Fee & Dividend. 26

The �rst treatment, which we refer to as COMPUTE, tries to clarify the likely

�nancial impact of Fee & Dividend by appending this statement to the end of the

policy description: Individuals who emit below the average level will receive a higher

rebate payment than what they paid in emission taxes. Individuals who emit above the

average level will spend more in taxes than they will receive in the rebate payment.

The second treatment, which we refer to as EXPERT, tries to clarify the impact

of Fee & Dividend by instead adding this sentence to the standard Fee & Dividend de-

scription: Experts say that most below-average emitters will bene�t by gaining money

from this arrangement and that most above-average emitters will lose money.

5.5 Robustness to single/sequential policy presentation

Simultaneously providing two policies simultaneously o�ers participants an opportu-

nity to convey relative preference or indi�erence between Fee & Dividend and Penalty

& Reward. Policy proposals can also be presented alone, without alternative options,

and for that reason we conduct a robustness study in which support is measured one

policy at a time. Participants convey their support for a randomly assigned policy

from the pair, either Fee & Dividend or Penalty & Reward. (While reading and an-

swering rating questions about it, participants are unaware of an alternative policy

they will be asked to rate subsequently.) A between-subjects comparison of ratings

for �rst-shown policies is equivalent to a study in which each subject was shown only

one policy.

5.6 Delivery and sample characteristics

The surveys are delivered online to 678 United States participants, 18 or older, via

Proli�c. Participants know nothing about the survey's topic prior to beginning it.

Because political representativeness is potentially important, subjects are enrolled

in a manner that delivers 40% Republicans, 40% Democrats, and 20% independents

26Each of the two treatments enrolled 50 participants, were designed after the collection of the
baseline study results, and were not pre-registered.
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for the entire study and its subsets, including each treatment and robustness sam-

ple. The �nal sample is representative of national age, gender, race and geographic

characteristics.27

As measured by their Abstract Policy Task performance, participants are much

likelier to show NoDE than not, and there was substantial heterogeneity. The extent

of bias varies widely by individual as shown in the distribution of NoDE Scores in

Appendix Figure 12. Notably, there is no meaningful correlation between NoDE

Score and political orientation.28 Overall, participants answered 56% of the binary

choice questions correctly, with a 46% correctness rate when the Distributed E�ect's

magnitude exceeded the Consumer E�ect's magnitude and a 68% correctness rate

when the Consumer E�ect's magnitude exceeded the Distributed E�ect's magnitude.

The structure of these outcomes resembles results of the Diagnostic Experiment.

Approximately 13 percent of participants answered the False Correlation question

incorrectly, and 60 percent answered the mental budgeting question incorrectly.

6 Survey-Experiment Results

In the Baseline study, participants overwhelmingly favored Penalty & Reward, with

71 percent of participants rating it higher than Fee & Dividend and 17 percent rating

it lower. Users were asked to rate their opposition or support for a policy on a -100 to

+100 scale. Their numerical response is referred to throughout as �support intensity.�

27Proli�c provides age, sex, race and party a�liation, though some participants decline to provide
each detail. We supplement these details with our state-of-residence question. As shown in Appendix
Figure 12, there is broad distribution of ages, with mean 42.7. Survey distribution occurred at times
of day that enabled daytime participation in both Eastern, Central and Paci�c time zones. There
was broad geographic participation, with the 43 most populous states represented. 47.0% of subjects
identify as male, and of the subjects who provided race, 63.1% identi�ed as White, compared to
59.3% at the population level. In addition 13.8% described themselves as students, and 11.1% as
unemployed. Of the 347 enrolled in the main study and two supplemental treatments the base pay
rate was $4. Upon entering the study did they learned of the possibility of earning a $1 bonus
through the Abstract Policy Task. Participants took on average 22 minutes and earned $4.54, on
average. For the shorter robustness study, 331 subjects spent about 5 minutes and earned $1.

28The Pearson correlation coe�cient (-0.07) between NoDE Score and Left-Right Score is not
statistically meaningful (p-value of 0.167) and indicates slightly lower NoDE bias on the right. This
suggests that even if voters on the right are averse to real taxes, they are very slightly likelier to
support an abstract-setting tax when it is optimal than those on the left.

29



Figures 4 and 5 o�er a deeper look at support for the policies across participants

and across subgroups. Figure 4 shows that individuals across the board tend to

favor Penalty & Reward over Fee & Dividend, with an average Penalty & Reward

Premium � or the di�erence in support intensity for the two isomorphic policies � of

49 points.29 The e�ect is greater among individuals showing more pronounced NoDE

in the Abstract Policy Task. The Penalty & Reward Premium is 33 points larger

for individuals with a NoDE score above the median (0.17) than for individuals with

scores below it.

A average high-NoDE individual's rating for Fee & Dividend is -13.4, or 19.3

points below the rating given by the average low-NoDE individual. Meanwhile, the

average support for Fee & Dividend among those on the left is 28.2 points higher

than average support on the right. For Penalty & Reward the left-right gap is 24

points. The 19.3-point gap in support for Fee & Dividend between high-NoDE and

low-NoDE individuals is more than two-thirds the size of the gap in support for Fee &

Dividend between right- and left-leaning individuals. This is just one piece of evidence

that cognitive factors may deserve as much attention as political identity in driving

support for these policies. On average, participants on the political right support

Penalty & Reward to a greater extent than participants on the left support Fee &

Dividend, by a margin of 16.5 points. The di�erence is highly signi�cant (Wilcoxon

rank sum p-value: 0.0044).

For Figure 5, we transform baseline support intensities into a binary variable

of support or non-support.30 Of the subgroups presented, Fee & Dividend enjoys

majority support only among the left-leaning and low-NoDE groups, while Penalty

& Reward is supported by a solid majority of every subgroup. The patterns in the

proportion measure are re�ective of the mean intensity scores in Figure 4.31

29We conduct a robustness exercise on Policy Elictation, in which we present 331 participants
with policies sequentially. We compared the ratings of the policy shown �rst, the results of which
are shown in Table 12. Broadly speaking, the gap in support for the two policies is robust but
moderated in size. We elaborate further in the Appendix with Table 12.

30We de�ne support as providing a rating of 5 or more on the -100 to +100 scale.

31To formally test hypotheses, we conduct Wilcoxon rank sum tests shown in Table 11. The �rst
column tests our pre-registered hypothesis that Penalty & Reward would be supported higher than
Fee & Dividend, and the results are strongly signi�cant. The second column is one of several tests
for our second pre-registered hypothesis, that the Penalty & Reward Premium (the di�erence in
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Figure 4: Mean support for policies by group in the baseline study, shown with 95
percent con�dence intervals.

To test the e�ect of the cognitive factors on the di�erence of support between

Penalty & Reward and Fee & Dividend, we employ the following regression:

Penalty Reward Premiumi = β0 + β1NoDE Scorei

+ β21(Correl Error)i + β31(Mental Budget)i + β41(Exp First)i

+ β51(Compute Prompt)i + β61(Expert Prompt)i +X ′
iγ + ϵi

(5)

The results shown in Table 2 suggest that cognitive factors play an important

role in the Penalty & Reward Premium. Neglect of Distributed E�ects (NoDE),

as well as the Mental Budgeting mistakes play a consistent predictive role in the

hypothesized direction. (Recall that a subject making a mental budgeting mistake

believes that dividends will be allocated to carbon-intensive consumption.) A full

point of additional bias, as measured in the NoDE, score would be expected to increase

the Penalty & Reward Premium by an estimated 30 to 50 points, depending on the

support compared to Fee & Dividend) would be higher for above-median NoDE-score types than for
for below-median types. The outcome of this test, too, is strongly signi�cant. As mentioned earlier,
we also �nd that the higher distribution of support for Penalty & Reward among right-leaning
participants than the support of Fee & Dividend among left-leaning participants is statistically
signi�cant.

31



Table 2: E�ect of Behavioral Factors on Di�erences in Policy Support

Dependent variable: Penalty & Reward Premium

Support for P&R minus support for F&D

(1) (2) (3)

Constant 35.767∗∗∗ 4.109 −12.877
(8.245) (21.035) (35.353)

NoDE Score 35.310∗∗ 29.689∗∗ 48.185∗∗∗

(14.664) (15.028) (17.279)

False Correlation error 14.812 16.090 19.612
(12.267) (11.896) (14.010)

Mental budgeting error 16.179∗∗ 15.609∗∗ 17.880∗∗

(7.462) (7.487) (8.798)

Survey order: experiment �rst −13.988∗ −14.349∗ −18.597∗
(7.966) (8.092) (9.740)

�Compute� prompt −13.092 −16.164∗ −2.544
(9.823) (9.793) (11.489)

�Expert� prompt −4.498 −0.869 1.624
(10.248) (11.038) (13.486)

Controls:
Support factors X X
Demographic/employment X

Observations 347 347 253
Mean outcome 45.176 45.176 48.091
R2 0.067 0.097 0.154
Adjusted R2 0.050 0.062 0.089

Notes: The table above results from estimating Equation 5, which predicts Penalty & Reward
premium, i.e. each subject's support for Penalty & Reward minus their support for Fee & Dividend.
If Fee & Dividend is favored, the premium is negative. Column 1 estimates over the full sample
with the key cognitive explanatory factors. �Compute� prompt and �Expert� prompt represent the
information treatments meant to enhance Fee & Dividend that a subset of participants received.
Column 2 includes a set of controls derived from answers to survey questions that would predict
support for policies in general (Relative emissions, Belief in climate change, Left-right score, Belief
job bene�ts from carbon tax, Belief job hurt from carbon tax, Trust government use of revenue, and
Support for redistribution). Column 3 includes a set of demographic controls (Age, Male, Black,
Student, and Unemployed) on the large subset of participants for whom all demographic details
were available.Extended table: Table 8. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.



Figure 5: Proportion in support of policies by group in the baseline study, shown
with 95 percent con�dence intervals. Note that �bias� refers to NoDE score.

speci�cation.32 An increase in the NoDE score by one standard deviation (0.3 points)

is estimated to increase the Penalty & Reward Premium by 0.2 standard deviations

(14.4 points).

The study included information treatments intended to help participants reason

about the private welfare impact of a policy. The regression in Table 2 suggests that

the information treatments (which added words to the policy text) do not appear to

play a signi�cant role in reducing (or increasing) the Penalty & Reward Premium.

Interestingly, doing the Abstract Policy Task prior to expressing one's views on the

two real-world policies reduces the Penalty & Reward Premium, although with weak

statistical signi�cance across speci�cations. However, the magnitude of the e�ect

is comparable to the better of the two information treatments. Experience with

thinking about the policy selection abstractly was helpful in reducing an irrational

gap in support between the policies. This suggests that the formation of intuition

from experience can improve performance to a greater extent than instruction via

information treatments, in line with recent �ndings (Esponda et al., 2020). It is

important to note that participants in this study did not receive any feedback about

32The range for NoDE scores observed in the sample is 1.5 points.
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their performance on the Abstract Policy Task until the entire survey was complete.

Additional support of hypothesized mechanisms are shown in Table 3, which cre-

ates Factor Premiums, or di�erences in the ratings of policies across the three factors

discussed earlier in Section 5.1 (Emissions, Your Finances, and Low Income). NoDE

is associated with a higher factor premium in the relative rating for Penalty & Re-

ward in the two factors we would expect to be most a�ected, (1) the e�ect on your

own �nances and (2) the e�ect on low income individuals. Based on the theoretical

analysis in Section 4.4, these two channels concerning who wins and loses �nancially

appear to be clari�ed by Penalty & Reward's design. Most survey participants be-

lieve themselves below-average emitters of carbon, shown in Figure 12, and therefore

we would expect them to respond positively to Penalty & Reward concerning the

�nancial impact to their own household.33

Analyzing the e�ect of controls on the outcome variable, which is visible in the

extended version of Table 2, Appendix Table 8, we see no strong e�ects of control

variables on Penalty & Reward Premium, apart from belief in climate science, which

is strongly and positively predictive of the premium. This may result from the possi-

bility that the expected predictive e�ect of belief in climate science for Fee & Dividend

support is masked by a distaste for the policy, indicated in Appendix Table 9. Be-

cause participants believing in climate science overwhelmingly expressed support for

Penalty/Reward, climate science beliefs are predictive of the gap in support between

these two policies.

In Appendix Table 9, NoDE is strongly and negatively associated with support

for Fee & Dividend policy, as hypothesized, with little signi�cant e�ect on support for

Penalty & Reward. In line with theoretical predictions, one's own emissions relative

to the average are strongly and negatively associated with support for either policy,

as is the belief that one's job will be negatively a�ected by a carbon tax.

Political orientation is not meaningfully predictive of support for either policy in

the presence of the other regressors. Leaning right has a slight positive association

33In analyzing the predictiveness of rating factors on overall policy support, we see in Appendix
Table 10 that, in both policies, the e�ectiveness in reducing emissions receives the highest weighting.
Impact on one's own �nances follows next, with impact on low-income persons weighed least of the
three.
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Table 3: Baseline Study: Factor Premium for Penalty & Reward

Dependent variable:
Factor premium of P&R over F&D

Emissions Your Finances Low Income

(1) (2) (3)

Constant 28.713 1.516 −48.417∗
(25.267) (20.742) (27.440)

NoDE Score 10.222 29.958∗∗ 32.225∗∗

(14.008) (14.470) (14.341)

False Correlation error 9.146 16.616 33.415∗∗

(12.069) (11.896) (12.904)

Mental budgeting error 17.085∗∗ 3.786 0.767
(8.514) (8.757) (10.296)

Survey order: experiment �rst −2.848 1.602 −2.642
(8.871) (8.357) (9.718)

Controls:
Support factors X X X
Demographic/employment X X X

Observations 248 248 248
R2 0.049 0.043 0.080
Adjusted R2 0.008 0.002 0.041

Notes: The table above estimates the e�ect of cognitive bias on the Factor Premium for
Penalty Reward across three factors. The �rst of the factors, �Emissions� stems from a
rating given to each of the two policies based on their e�ectiveness at reducing emissions.
The Emissions factor premium is Emissions rating given to Penalty & Reward minus the
Emissions rating given to Fee & Dividend. The second factor, �Your Finances,� stems
from ratings to each policy based on its impact to your personal household. The third
factor, �Low Income� stems from each policy's impact on low earners. See Appendix
Section C.1.1 for more detail on the factor questions. The controls include the Support
factors (Relative emissions, Belief in climate change, Left-right score, Belief job hurt
from carbon tax, Trust government use of revenue, and Support for redistribution) and
Demographic/employment factors (Age, Male, Black, Student, and Unemployed) ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.



with support for either policy in Appendix Table 9, when controlling for belief in

climate science, cognitive predictors, demographics and responses to the other ques-

tions included in the survey. The belief in climate science variable appears to be

capturing the portion of variation in policy support that is commonly attributed to

political orientation. When belief in climate science is removed as a variable from

the regression, political orientation is predictive of policy support. Belief in climate

science has become highly politicized and is strongly correlated with left-right score

in the sample.34 Still, the results imply that a conservative who believes in climate

science is no less likely to support carbon pricing policies than would a liberal who

believes in climate science, when controlling for cognitive and other factors.

It appears that accounting for cognitive bias can help reduce the impact of politi-

cization of carbon pricing. In Figure 6, we can see that among participants on the

right, for whom support for Fee & Dividend is weak, support is weakest among high-

NoDE subset. This same group saw a far sharper increase in support for Penalty

& Reward than their low-NoDE counterparts. We see a very similar e�ect among

left-leaning participants.

Considering the proportions favoring the policy using the binary support measure,

the political gap narrows dramatically, with all political a�liations supporting Penalty

& Reward, at the mean. Only the left-leaning subsample supported Fee & Dividend.

But remarkably, there is a sharp increase in the intensity of support among left-

leaning individuals for Penalty & Reward. While the literature notes that support

for carbon pricing typically splits along party lines, the results here reveal very tepid

support for carbon taxes on the left. Lowering the cognitive costs, for both political

a�liations, appears to be a more important e�ect than the moderate gap between

the two political groups, which largely remains in the support of the new policy as

well.

Lastly, Figure 7 shows that Fee & Dividend has a higher density of support ratings

near zero, indicating uncertainty or indi�erence, than does Penalty & Reward. A

policy with support that is less clear-cut due to its complexity may be more vulnerable

34The Pearson correlation coe�cient is -0.65 and is extremely statistically signi�cant, with (-0.58,-
0.71) as the 95% con�dence interval.
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Figure 6: Comparison of mean policy support by left-leaning voters and right-leaning
voters, each separated into high- and low-NoDE subsets.

Figure 7: Distribution of Overall Rating for Fee & Dividend and Penalty & Reward.



to misleading characterizations by vested interests.

7 Discussion

This study examined the role of cognitive frictions in carbon pricing support from

multiple angles: a diagnostic test of such frictions, applied to lab subjects engaging

with an abstract policy; a test of a new policy designed to sidestep a key bias; and a

test of the association of problem-solving ability with policy attitudes. The combina-

tion conveys a clear message: Neglect of Distributed E�ects is a cognitive/attentional

phenomenon and it a�ects how people choose real policies. For voters with constraints

on attention or computation, Fee & Dividend's opacity lowers support for it. This

magnitude of this phenomenon may be larger in the public discourse, where a noisy

information environment, in�uence from vested interests, and the lack of extrinsic

incentives to evaluate costs and bene�ts can result in outcomes like the 10% support

in France for a carbon tax and rebate, shown in Douenne and Fabre (2022). Accurate

initial impressions and intuitions may be crucial, given that informational interven-

tions are not necessarily well-absorbed. This study shows that policy design informed

by behavioral theory and evidence can produce better public intuitions about e�cacy.

When we lessen the burden of choosing well, public choices appear to respond.

Much of the literature about the public acceptability of carbon pricing concludes

that political orientation drives opinion. This is not exactly what we observe in the

analysis of the survey data. Many on the left reject Fee & Dividend, perhaps be-

cause they perceive it to be regressive. And even though, for both policies, support is

stronger on the left than on the right, the explanatory power of political orientation

disappears when controlling for cognitive factors, belief in climate change, and other

covariates. For studies that assess the role of partisanship in support for environmen-

tal policy, it is worth considering presenting policies (or creating policies), so that

all of the important information can be easily and quickly integrated. Our results

suggest that the ability to form a clear intuition about how a bene�cial policy works

gives rise to strongly favorable opinions, which could be more resistant to misleading

messaging.
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Separating the explanatory power of political identity from cognitive factors is

important. A recent paper, Kotchen (2022), advocates labeling corrective tax pro-

posals with a ratio of the value of the externality reduction to the revenue collected

by the policy. This is in part to address weak support on the right, who may not

view government use of tax revenues as desirable. The paper suggests considering

corrective taxes only with large ratios (greater than 1). A consequence of proposing

only taxes with ratios greater than one would be to tax the use of coal, but not of

other fossil fuels. But the ratio lacks a clear, objective welfare interpretation. And if

revenues are returned as dividends, then it is even more di�cult to rationalize poor

public support in the Kotchen (2022) framework.

We show that voter discounting of the Distributed E�ects of corrective tax propos-

als make it more likely that policies with smaller revenue collection would be better

supported, but also that this is rooted in cognitive factors and not solely by preferences

or beliefs about the purpose, prudence or e�ciency of government spending. Using

Abstract Policy Tasks, we can rule out the role played by concerns about prudence,

e�ciency, or trustworthiness of institutions. If real-world judgments about policy

e�ects result from cognitive constraints, we would not necessarily want to enshrine

mistaken notions of policy e�ects into the kinds of policies we promote, prioritize, or

enact. It is possible that we can do better than that with thoughtful policy design.

By avoiding taxing and rebating everyone, Penalty & Reward may alleviate po-

litical penalties applied to Pigouvian taxes for the scale of their resulting revenue

(Kotchen, 2022). As Fee & Dividend and similarly structured policies are presently

framed, a major portion of the tax money collected makes an unnecessary round trip

to government and back, acquiring a subjective discount along the way, based on

our �ndings. By removing the round trip, Penalty & Reward slashes the scale of

collections and mechanically increases the ratio of damage reduction to revenue that

Kotchen (2022) describes, potentially boosting political support.

Going forward, analysis of real-world climate policy support could be extended to

non-carbon-pricing approaches, like subsidies or command-and-control policies. The

Diagnostic Experiment results suggest a bias favoring subsidies among participants,

and it could be useful to measure if NoDE is predictive of support for environmen-

39



tal subsidies over taxes. Subsidies, despite being less e�cient, appear to be widely

popular in the world.35 Our results and behavioral model suggest that opacity and

complexity have the ability to a�ect support for certain policies. It would be inter-

esting if the Distributed E�ect-related opacity about how subsidies are paid for were

important to its popularity and could somehow be reversed. Understanding what

features of policies can be adjusted to make their true e�ects more intuitive to the

public is an important, underexplored area of research.

Among the arguments emphasized by many advocates for Fee & Dividend policy

is that that its progressive redistribution of money would ful�ll certain social justice

goals, independent of its positive e�ects of mitigating climate change.36 A majority of

households, mainly with lower incomes, are expected to be able to increase consump-

tion due to Fee & Dividend's immediate �nancial bene�ts.37 Yet, Fee & Dividend

proposals o�er its bene�ciaries a salient but small cost, and an opaque but large

bene�t, and we have shown how this fosters bad policy selection and can aggregate

into harms for most and bene�ts for a few. If policy designs can be made easier to

understand, the public may consider the use of a simpli�ed designs like Penalty &

Reward more ethical.38 The cost of understanding a di�cult policy may cause an

expected bene�ciary to misperceive its welfare impacts, to avoid engaging with it and

take cues from their party, or to abstain from voting because of confusion.39 As a

35Clean subsidies, when implemented with broader consumption taxes, can be shown equivalent
to pollution taxes (Fullerton and Mohr, 2003; Fullerton and Wolverton, 2005). But such two-part
policies may not prove popular, nor is it realistic to assume that a government can have perfect
information of what behaviors and potential innovations to actively subsidize.

36This is highlighted in academic papers (Klenert et al., 2018; Budolfson et al., 2021); public
statements from economists and public policy experts Akerlof et al. (2019); Center (2008); and
statements of advocacy groups, such as the Climate Leadership Council and the Citizen's Climate
Lobby.

37The top 10 percent of earners in the U.S. contribute 40 percent of the total emissions, and the
average person among households in the top 0.1% of emitters in the U.S. contributed 57 times the
emissions of the average person in the lowest decile (Starr et al., 2023a,b).

38Ambuehl et al. (2022) explores how in employment and consumer choice settings incentives
disproportionately attract people whose learning costs are higher. For example, a physically risky
job with a high wage has a transparent incentive with an opaque cost. Voters constrained in attention
or computation optimally use less information before making a decision, but are more likely to be
disappointed in the end than more discerning, cognitively advantaged types. Most people �nd this
dynamic unethical (Ambuehl and Ockenfels, 2017).

39Enke et al. (2023b) demonstrates that a lack of con�dence resulting from cognitive di�culty can
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result, popular measures of support may not re�ect the true preferences of the public.

The voter's welfare and aggregate welfare can be hampered if policy makers ignore

the cognitive costs of policy evaluation.

Finally, the primary purpose of the Penalty & Reward policy frame in this study

is as a tool to better understand voter preferences. But in Appendix section D, we

discuss strategies for literal and approximate implementations of Penalty & Reward

to mitigate negative externalities.

8 Conclusion

The fact that voters' rationality is bounded requires us to move away from the as-

sumption that voters always express their true preferences. The incentives to thinking

carefully about policy tend to be quite low for many people, and so it is important

to understand the cognitively demanding elements of evaluation when designing poli-

cies. Environmental policies can be especially complex. Corrective taxes involve many

moving parts, including changes to consumer surplus, usage of revenue, and reduc-

tions in externalities. This study identi�es and measures mechanisms that suggests

voters do not perfectly attend to each of these parts. Yet this does not necessarily

mean societies must abandon useful tools like carbon taxes. The failure of citizens to

adopt carbon prices has shifted the tone of environmental economics in recent years,

with many taking as given that relatively e�cient policies have little hope of manifest-

ing, due to public disapproval. Attention has shifted to �second-best� approaches.40

Much attention has been given to polarization of beliefs or attitudes, for which little

can be done by intervention.

The �ndings of this study suggest that some of this pessimism may be misplaced.

Appealing to voters' �nancial self-interest is indeed a way to potentially bridge a

often cause individuals to select out of a participatory democratic process. An equitable climate
policy that bene�ts all but a few can fail to realize if its bene�ciaries happen to be more constrained,
less con�dent, and thus more inclined to select out of participation.

40Many papers assessing �second-best� approaches include, as motivation, the observation that
carbon taxes have failed to gain political momentum; economists have been scolded by academics
of other disciplines for their attachment to carbon pricing (Kopp, 2022); and economists themselves
have blogged or tweeted about moving on from their ideal tool of carbon taxes (Ho, 2021).
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divide between worldviews; however, to be successful, it must take into account the

high sensitivity of the public to complexity.
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A Appendix 1: Theory Supplement

A.1 General Framework

Choosing a pricing policy as a voter-consumer requires thinking of two stages recur-

sively:

1. Voter expresses policy preference.

2. Consumers make consumption decisions given a policy.

All policy proposals and status quo policy conditions correspond to a value, τ ,

which when zero implies no policy, when positive implies a tax, and when negative

implies a subsidy. Voters value the policy shift ∆τ , when forming a view of a proposal

and the strength of that view. For a rational voter:

U∆τ
i = Ui(τ1)− Ui(τ0)

When Ui(∆τ | τ0) = Ui(τ1) − Ui(τ0) > 0, the voter supports the proposal, when

Ui(∆τ | τ0) < 0, we support the status quo, and otherwise we are indi�erent. In this

paper we consider Ui(∆τ | τ0) our primary object of interest (i.e. how do subjects sign

it and perceive its magnitude relative to the rational full attention benchmark?)41

Ui(∆τ | τ0) = πi(ci(τ1)) − πi(ci(τ0)) +
∑
j∈J

(πi(cj(τ1)) − πi(cj(τ0)))

Here, π() is an argument representing net gain or loss to voter-consumer i from

actions from consumer i and any consumer j from the set of J consumers. Because

actions are in dominant strategies and a function of revealed policy outcomes, there

41You might ask, `Why have the object of interest be the value of a shift Ui(∆τ | τ0), and not
simply one's comprehensive welfare under the new policy; Ui(τ1)?' For two important reasons: (1)
In a political context, people are asked about preferences about a policy change, but not to explicitly
quantify their welfare at present or under a proposal. So, Ui(τ0) and Ui(τ1) may be rather strange
objects. Furthermore, (2) both in the �eld and in the lab, asking people to estimate their before
and after welfare is leading them to a kind of calculation that they may not typically make when
considering a proposal. In general, we don't want to assume U∆τ

i = Ui(τ1)− Ui(τ0).
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are no interaction terms between the private net gain of subsequent consumption

choice of any two agents. Hence we can represent the gain or loss from one's own

consumption choices and the consumption choices of others as additively separable.

We de�ne the portion of your change in welfare that stems from your own con-

sumption choices ci, in essence πi(ci(τ1)) − πi(ci(τ0)) as a Consumer E�ect or CE.

The portion of your change in welfare that stems from the consumption of others cj,

i.e.
∑
j∈J

(πi(cj(τ1)) − πi(cj(τ0))) is Distributed E�ect, or DE (or additionally an

Externality E�ect, EE, depending on the circumstance. If the consumption of others

has no bearing on your welfare, Ui(∆τ | τ0) = CEi((τ1, τ0)).

Now generalizing to a behavioral voter:

Consumer E�ect (CE) Distributed E�ect (DE)

Û∆τ
i = ι

︷ ︸︸ ︷
(πi(ci(τ1)) − πi(ci(τ0))) + λ

︷ ︸︸ ︷∑
j∈J

(πi(cj(τ1)) − πi(cj(τ0)))

Above, ι and λ are weights that might bias a voter on a proposed policy. (Each

weight would equal 1 for an unbiased individual.) The CE-DE structure comes from

the two natural components of the problem, but the weights could also be interpreted

`as if.'

To explore the implications of neglect to the Distributed E�ects of subsidy and

tax policies that we've discussed, we de�ne the policy variable τ as a number that

would be added the market price p of a purchasable object. Therefore when τ > 0,

it represents a tax, and when τ < 0 it represents a subsidy.

Subsequent to policy outcome, one's own actions are purchase choices. For any

given private value for goods consumed, the net bene�t from one's optimal purchases

(i.e. personal consumer surplus) can only be the same or lower when policy moves in

the direction of taxation or desubsidization. The e�ective price under the new policy

p̃1 = τ1 + p is greater than than p̃0 = τ0 + p. Therefore, when τ1 − τ0 > 0, CE ≤ 0.

Analagously, under direction of subsidization τ1 − τ0 < 0, CE ≥ 0.

For the analysis of Distributed E�ects, let us de�ne x as the cumulative demand
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function for all other consumers.42 γ(τ1 x(τ1)) represents one's share of the cumulative

revenue or debt generated by the new policy, as γ(τ0 x(τ0)) represents the same for

the status quo. Then DE = γ [(τ1 x(τ1))− (τ0 x(τ0))].
43

Let us consider both the proposed introduction of a new policy and the proposed

removal of an existing policy. First, if introducing a tax, τ0 = 0 and τ1 > 0. Demand

is nonnegative x() ≥ 0, and therefore τ1x(τ1) ≥ 0. Because τ0x(τ0) = 0, we know

τ1x(τ1) ≥ τ0x(τ0) and that therefore DE ≥ 0. If introducing a subsidy, τ0 = 0

and τ1 < 0. Therefore, τ1x(τ1) ≤ 0. Because τ0x(τ0) = 0, τ1x(τ1) ≤ τ0x(τ0) and

DE ≤ 0. If removing an existing tax, τ0 > 0 and τ1 = 0. Therefore, τ1x(τ1) ≤ τ0x(τ0)

and DE ≤ 0. If removing an existing subsidy, τ0 < 0 and τ1 = 0. Therefore,

τ1x(τ1) ≥ τ0x(τ0) and DE ≥ 0.

Returning to our complete value function, let's consider what happens when in-

troducing a new tax or removing an existing subsidy. Based on the analysis above,

in both of these cases CE ≤ 0 and DE ≥ 0. If ι > λ for a biased individual,

Ûi(∆τ | τ0) = ιCE(τ1, τ0) + λDE(τ1, τ0) ≤ Ui(∆τ | τ0) = CE(τ1, τ0) +DE(τ1, τ0)

Furthermore, as long as either CE ̸= 0 or DE ̸= 0, then:

Ûi(∆τ | τ0) = ιCE(τ1, τ0) + λDE(τ1, τ0) < Ui(τ1, τ0) = CE(τ1, τ0) +DE(τ1, τ0)

Analogously, when removing an existing tax, or introducing a new subsidy, CE ≥ 0

and DE ≥ 0. So when ι > λ:

Ûi(∆τ | τ0) = ιCE(τ1, τ0) + λDE(τ1, τ0) ≥ Ui(∆τ | τ0) = CE(τ1, τ0) +DE(τ1, τ0)

42To formally de�ne the cumulative demand function x() for a set J of rational consumers, given
policy τ , price p, and a set of object values Lj for a consumer j

x(τ) =
∑
j∈J

( ∑
l∈Lj

I(l>p+τω)

)
where ω = 1− 1

N . N represents the population size and as it increases,

ω approaches 1.

43γ > 0. For example, with equal dividend, γ = 1
N where N =| J | +1
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When either CE ̸= 0 or DE ̸= 0, then:

Ûi(∆τ | τ0) = ιCE(τ1, τ0) + λDE(τ1, τ0) > Ui(∆τ | τ0) = CE(τ1, τ0) +DE(τ1, τ0)

A.2 Equilibrium E�ects

In Dal Bó et al. (2018), which explores Equilibrium E�ects and shows evidence that

individuals do not fully incorporate how a change in policy should a�ect subsequent

behavior, it may be useful to decompose CE and DE even further along a direct

v. equilibrium (static v. dynamic) dimension. CE can be decomposed into a Direct

E�ect and an Equilibrium E�ect, , and DE can be decomposed into Distributed Direct

E�ect and a Distributed Equilibrium E�ect.

Ui(∆τ | τ0) = Direct E�+ Equilibrium E�+Distrib Direct E�+Distrib Equil E�

Direct E�ect = πi(ci(τ0), τ1)− πi(ci(τ0), τ0)

The Direct E�ect, or the static part of the Consumer E�ect, represents the net gain or

loss from a proposed policy attributable to your own consumption choices, assuming

that you would not make any change to your consumption choice in response to the

enactment of the proposed policy.

Equilibrium e�ect = πi(ci(τ1), τ1)− πi(ci(τ0), τ1)

The Equilibrium E�ect, or the dynamic part of the Consumer E�ect, represents the

net gain or loss from a proposed policy attributable only to the change in your own

consumption choices in response to the enactment of the proposed policy.

Distributed Direct E�ect =
∑
j∈J

(πi(cj(τ0), τ1)− πi(cj(τ0), τ0))

The Distributed Direct E�ect, or static part of the Distributed E�ect, represents the

net gain or loss to you from a proposed policy that is attributable to consumption

choices of others, assuming that others would not make any change to consumption
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choices in response to the enactment of the proposed policy.

Distributed Equilibrium E�ect =
∑
j∈J

(πi(cj(τ1), τ1)− πi(cj(τ0), τ1))

The Distributed Equilibrium E�ect represents the net gain or loss from a proposed

policy attributable only to the change in others' consumption choices in response to

the enactment of the proposed policy.

CE = Direct E�ect+ Equil E�ect = πi(ci(τ1), τ1)− πi(ci(τ0), τ0)

DE = Dist Direct E�ect + Dist Equil E�ect =
∑
j∈J

(πi(cj(τ1), τ1)− πi(cj(τ0), τ0))

Now let's consider some potential bias terms on computing the shift in welfare

resulting from a shift in policy:

Ûi

∆τ
= κDirect+ ηEquilibrium+ νDistrib Direct+ θDistrib Equil

A.3 Loss Aversion With Mental Accounts

If subjects are irrationally tax averse in real-world and abstract settings, there is

an alternative explanation to NoDE. This explanation, Loss Aversion With Mental

Accounts, or LAMA, cannot be rationalized by behavioral risk preferences, as there is

no uncertainty, only computational constraints.44 If deciding on whether to support

the introduction of a tax, a behavioral voter may value the policy as follows:

Û∆τ =



CE(τ1, τ0) +DE(τ1, τ0), if CE(τ1, τ0) ≥ 0 and DE(τ1, τ0) ≥ 0

αCE(τ1, τ0) +DE(τ1, τ0), if CE(τ1, τ0) < 0 and DE(τ1, τ0) ≥ 0

CE(τ1, τ0) + αDE(τ1, τ0), if CE(τ1, τ0) ≥ 0 and DE(τ1, τ0) < 0

αCE(τ1, τ0) + αDE(τ1, τ0), if CE(τ1, τ0) < 0 and DE(τ1, τ0) < 0

Here, a voter is not biased in evaluation of DE, but in either of CE or DE, con-

44Oprea (2022) shows subjects make similar aggregate errors in deterministic and lottery settings.
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ditional on taking a negative value. This impedes an accurate calculation of the net

e�ect of the two policies, as evident in past work (Kahneman et al., 1991; Thaler,

1999). Because for tax introductions, CE ≤ 0 and DE ≥ 0, the e�ect of LAMA

can result in suboptimal rejection of taxes relative to a no-policy reference point.

By forcing subjects to evaluate subsidy proposals (τ < 0) in certain rounds, where

CE > 0 and DE < 0, we are able to evaluate NoDE, while controlling for LAMA.

A.4 Penalty & Reward Premium: Other mechanisms

There are two alternative or additional behavioral mechanisms that could result in

greater support for Penalty & Reward than for Fee & Dividend that we test in the

survey and can ultimately control for in the evaluation of the primary NoDE hypoth-

esis. False correlation is a misperception that the dividend under Fee & Dividend

policy is strongly correlated with one's own total carbon taxes paid. A heuristic

known as mental budgeting, when applied to evaluation of Fee & Dividend, may

cause individuals to choose policies as if dividends will be allocated by individuals to

the taxed consumption category.

Both of these cognitive mechanisms could have e�ects on policy perception through

the �e�ectiveness in reducing emissions� channel. First, a misperception of correla-

tion between fees and dividends that is recti�ed by Penalty & Reward. Then, a novel

application of a well-established behavioral heuristic, mental budgeting, the scope of

which is also reduced in Penalty & Reward.

A.4.1 False correlation

A potential misperception concerning Fee & Dividend is that the dividend is strongly

correlated with total carbon taxes that an individual pays. There are at least three

ways this mistake could arise:

1. A perception of homogeneity of consumer behavior, i.e. decisions are made as

if all consumers act as one or mirror each others' behavior.

2. A misunderstanding of the policy that an individual dividend is a repayment of

exactly the individual taxes paid.
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3. An exaggerated sense of the in�uence of one's own tax payments on the size of

one's personal dividend.

Consider the following formula for a subjective dividend:

Subjective Dividend = α τcarb q
carb
i + (1− α) τcarb q̄carb

When α = 0 an individual is unmistaken and when α = 1, they are fully mistaken.

The e�ect of a positive α is to e�ectively shrink the size of τ . For a fully mistaken

individual thinking they will receive the entirety of their paid taxes back in the form

of a dividend, it's as if the tax does not exist, and the e�ective price is the original

market price.

In reality, with enough people in the population, there is nearly no correlation ( 1
N
)

between an individual's consumption choices and their personal dividend. But it may

be di�cult for people to recognize this. For example, suppose the ex ante perception

of a policy proposal corresponds to α = 1
2
. The perceived e�ectiveness of reducing

consumption of the bad would be equivalent to if a tax of τ
2
were implemented, instead

of τ . This would make o�ering a dividend seem counterproductive to the goal, like

tying one hand behind one's back.45

Penalty & Reward has no dividend, and therefore there is no potential to form a

false correlation. By directly taxing or rewarding, the step of computing and com-

paring the incentive e�ects of two pieces, fees and dividends, is absent.

A.4.2 Mental Budgeting

Descriptions of Fee & Dividend sometimes provoke the following skeptical response:

If you give the carbon tax revenue back to people, they will just spend it on fossil fuels.

How will that accomplish anything? (Rivers and Sha�er, 2022). Some of these people

would prefer to see the money spent on green projects or other forms of government

spending.

45This is the kind of mistake that could be corrected through experience. However, an unfortunate
feature of policy selection is an intrinsic di�culty to learn through experience. Aversion to a policy
due to a misperception is not easily corrected when learning is endogenous.
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The intuition that dividends will be allocated to the problematic consumption cat-

egory appears related to concept with a long history in behavioral economics, mental

budgeting. Consumers often use �xed mental budgets for categories of consump-

tion.46 Meant to help manage the complexity of allocating income to many spending

categories, this disciplining technique can be counterproductive and in violation of

the classic consumer optimization problem.

A version of mental budgeting that we explore here involves voters or policy eval-

uators imagining that consumers would deposit the dividend in the mental budget

allocated to the taxed category, for example, gasoline. Perhaps the dividend, as a

compensatory measure, is perceived by some as bu�ering consumers from making

necessary changes to their consumption patterns. They think consumption choices

are made strictly in terms of category budgets, without regard to prices. Then, they

perceive that consumers treat their regular dividend as �gas money.�

This notion is well represented by Terrence Corcoran, a Canadian �nancial news-

paper columnist, who argued that the rebate �negates the incentive� to cut emissions

fostered by the tax. Corcoran's argument is cited in Rivers and Sha�er (2022), which

investigates empirically how carbon dividends in British Columbia have been spent.

What they discover is in sharp contrast to Corcoran's view: relatively little of div-

idends are spent on fossil fuels. Related work details how the Fee & Dividend tax

policy in British Columbia was more e�ective than assumed, given its modest size,

and that consumers responded to taxes far more than would be expected from ev-

idence of responses to market price changes (Rivers and Schaufele, 2015; Murray

and Rivers, 2015), �ndings that concur with Andersson (2019) , which evaluates a

standard carbon tax in Sweden.47

Because Fee & Dividend has had few adopters, there is a lack of empirical research

on this matter beyond British Columbia. Arguably the notion that dividends would

be spent disproportionately on the taxed category is unlikely, and even less likely to

46Mental budgeting is part of a broader literature called mental accounting. For a deeper look:
Thaler (1990, 1999); Hastings and Shapiro (2012); Farhi and Gabaix (2019).

47Murray and Rivers (2015) and Yamazaki (2017) also provide evidence of a negligible or slightly
positive e�ect on the aggregate economy and employment. While a majority of the public opposed
the policy ahead of time, after three years a majority of the public supported the policy.
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persist over time.

To illustrate how a mental budgets notion would impact perceived e�ectiveness,

we formally model it below.

In the absence of any policy:

q̇carbi = qcarbi (pcarb, pclean, wi)

q̇cleani = qcleani (pcarb, pclean, wi)

In optimal response to a carbon Fee & Dividend policy :

q̂carbi = qcarbi (pcarb + τcarb, pclean, wi + τcarb ∗ q̄carb)

q̂cleani = qcleani (pcarb + τcarb, pclean, wi + τcarb ∗ q̄carb)

Perceived response to a proposed carbon Fee & Dividend policy:

q̃carbi = qcarbi (pcarb + τcarb, pclean, wi) +
τcarb ∗ q̄carb
pcarb + τcarb

q̃cleani = qcleani (pcarb + τcarb, pclean, wi)

Making the assumptions that dx
dw

> 0 and dx
dp

< 0, and that the optimal bundle

under Fee & Dividend is an interior solution, we can conclude the following:

q̂carbi < q̃carbi

q̂cleani > q̃cleani > q̇cleani

Aggregating the optimal responses we would �nd that:

Q̂carb
i < Q̇carb

i

Q̂carb
i < Q̃carb

i

Q̂clean
i > Q̃clean

i > Q̇clean
i
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To illustrate further, let's consider a Cobb-Douglas case of imperfect substitutes:

U(qcarb, qclean) = qαcleanq
1−α
carb qcleanpclean + qcarbpcarb = w

Since q∗clean = α w
pclean

and q∗carb = (1 − α) w
pcarb

, the Cobb Douglas case is a special

one. Here, the use of mental budgets, in this case αw and (1−α)w, turn out to cause

no deviation from optimality for any uncompensated changes in price, e.g., a tax.

Units purchased of the taxed category will drop, but the budget in the numerator

remains.

q∗taxclean =
αw

pclean

q∗taxcarb =
(1− α)w

pcarb + τcarb

But the dividend, which we label D, can cause a mistaken view for those thinking

with mental budgets. The optimal bundle now becomes q∗fdclean = α(w+D)
pclean

and q∗fdcarb =
(1−α)(w+D)
pcarb+τcarb

.

How much carbon emissions would this reduce relative to no policy? (Here we use

the superscript �sq� to denote the status quo in which there was no policy.)

∑
i

q∗sqi,carb =
(1− α)

∑
i w

pcarb

∑
i

q∗fdi,carb =
(1− α)(

∑
i wi +

∑
i D)

pcarb + τcarb
=

(1− α)(
∑

i wi + τcarb
∑

i q
∗fd
i,carb)

pcarb + τcarb

∑
i

q∗fdi,carb =
(1− α)

∑
i w

pcarb + τcarb + τcarb(α− 1)
=

(1− α)
∑

i w

pcarb + ατcarb
<

(1− α)
∑

i w

pcarb
=
∑
i

q∗sqi,carb

But a mental-budgeting-a�icted consumer's bundle is:

q̃clean =
αw

pclean
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q̃carb =
(1− α)w +D

pcarb + τcarb

q̃clean − q∗clean = −αD

q̃carb − q∗carb = αD

Aggregated:

∑
i

q̃∗fdi,carb =
(1− α)

∑
iwi + τcarb

∑
i q̃

∗fd
i,carb

pcarb + τcarb

∑
i

q̃∗fdi,carb =
(1− α)

∑
i wi

pcarb
=
∑
i

q∗sqi,carb

The mental-budget a�ected voter overestimates a consumer's carbon emissions in

Fee & Dividend by the portion of the dividend that would optimally be spent on clean

consumption. And so we see under the Cobb-Douglas conditions, the mental budget

notion turns Fee & Dividend from an emission reducer to a policy with precisely no

e�ect on emissions.

Penalty & Reward addresses this by not having a dividend. Consider a relatively

high carbon consumer. They are taxed above the population mean threshold and

given no compensatory funds to allocate or misallocate. Consider a relatively low

consumer who receives a payment. This payment is not compensation for a tax,

because for the low consumer, no tax exists. Therefore to allocate the reward payment

to additional fossil fuel consumption does not seem logical nor an application of a

known behavioral phenomenon. In fact, consumers may be averse to spending rewards

on fossil fuels at all since such a choice will reduce the size of the next reward.

B Appendix 2: Diagnostic Experiment

B.1 Instruction summary

� Think of each round in isolation: a randomly drawn one determines your pay.

� In any round: you coexist with 1000 robots, and all 1,001 of you are each
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provided a menu of 4 objects and a 420 franc budget, always su�cient to buy

either 1, 2, 3 or all 4 objects on the menu.48

� The only value to you of buying an object is its resale value. On each object

you buy, your pro�t (or loss) is the resale value minus the price you paid. These

rules also apply to the robots, whose resale values may di�er from yours.

� Your choice is whether to accept or reject a proposal to introduce or remove

a feature within the round that might help or hurt you. (See Figure 2 for

an example.) Your decision about the feature is implemented, and we then

automatically select the number of objects to buy that maximize your pro�t,

given the feature decision you made and do the same for the robots, as well.

You are paid your �nal total of francs, each worth $0.05, for a random round.

� Next, we want you to assess the value of your choice, in francs, relative to

the choice you rejected. Within the round, how many francs are you willing

to exchange for your choice? Your incentives are to be completely honest and

accurate here.

� More detail: 1 in 20 subjects will be randomly selected and receive 200 extra

francs. If you are one of these subjects you must decide how many of these 200

francs you are willing to pay to receive your choice. A number will be drawn

between 1 and 200. If the number of francs you were willing to o�er is above the

randomly drawn number, you will get your choice and we will deduct the value

of the randomly drawn number, in francs from your �nal total. If the randomly

drawn number between 1 and 200 is above the number of francs you are willing

to o�er, then you keep the 200 francs but your payout from purchasing objects

will be using the Feature Choice that you rejected, not the one that you selected.

B.2 Implementation details

Subjects spent approximately 60 minutes in UC Santa Barbara's experimental eco-

nomics laboratory on an incentivized experiment delivered via Qualtrics and earned

48Francs are the experiment's currency units to facilitate arithmetic. 20 francs = $1.
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on average $21.86. There was no time limit given, and some subjects spent as much

as 90 minutes. For the diagnostic study detailed here, 56 subjects participated.

B.3 Results Supplement

Table 4: Regressions from Diagnostic Experiment with Consumer and Distributed E�ects

Dependent variable:

Valuation of feature proposal

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

Constant −3.416 5.062 −2.564 5.501
(3.033) (5.949) (3.465) (6.844)

Consumer E�ect 0.978 0.866 1.155 1.113
(0.117) (0.119) (0.168) (0.202)

Distributed E�ect 0.314∗∗∗ 0.210∗∗∗ 0.533∗∗∗ 0.500∗∗∗

(0.062) (0.073) (0.113) (0.158)

Negative term magnitude (LAMA) −0.258∗∗ −0.043
(0.103) (0.173)

Policy magnitude (Policy Bias/Aversion) 0.200∗ 0.187
(0.119) (0.141)

Deviation magnitude (Default Bias/Aversion) −0.227 −0.427
(0.262) (0.402)

Analysis on Subset With No Equilibrium E�ect X X

Observations 1,680 1,680 632 632
Clusters 56 56 56 56

Notes: Result from estimating Equation 3 across all rounds in columns 1-2 and in the subset of rounds where
Equilibrium E�ects are absent in columns 3-4. Given the regression speci�cations, the rational benchmark
for Consumer E�ect, and Distributed E�ect are 1. Rational benchmark for Negative term magnitude,
Policy magnitude, and Deviation magnitude are 0. Negative coe�cient for Negative term magnitude implies
LAMA. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Figure 8: The distribution by individual lab subject of coe�cient on Distributed
E�ect from regression in Equation 3.

Figure 9: Distribution of subject NoDE Score applying methodology in Section 5.2
to Diagnostic Experiment data. To compare with survey participants' NoDE Score
distribution, see Figure 12, lower right.



Table 5: Regressions from Diagnostic Experiment With Sube�ects

Dependent variable:

Valuation of feature proposal

(1) (2)

Constant −4.133 3.943
(3.299) (5.720)

Direct E�ect 1.142 1.049
(0.151) (0.151)

Equilibrium E�ect 0.809∗ 0.779∗

(0.126) (0.151)

Distributed Direct E�ect 0.523∗∗∗ 0.410∗∗∗

(0.103) (0.112)

Distributed Equilibrium E�ect 0.093∗∗∗ −0.011∗∗∗
(0.065) (0.069)

Negative term magnitude (LAMA) −0.225∗∗
(0.101)

Policy magnitude (Policy Bias/Aversion) 0.042
(0.105)

Deviation magnitude (Default Bias/Aversion) −0.210
(0.283)

Observations 1,680 1,680
Clusters 56 56

Notes: Result from estimating Equation 4 across all rounds. Given the regression speci�ca-
tions, the rational benchmark for Direct E�ect, Equilibrium E�ect, Distributed Direct E�ect,
and Distributed Equilibrium E�ect are 1. Rational benchmark for Negative term magnitude,
Policy magnitude, and Deviation magnitude are 0. Negative coe�cient for Negative term
magnitude implies LAMA. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.



B.4 Instructions and Comprehension Check
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�More info� button opens following text explanation of willingness to pay mechanism:
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B.5 Experimental Round Catalog

The following tables detail experimental parameters for each of the potential rounds

that subjects could encounter. All subjects encountered the �rst eight rounds, which

are the simplest in structure and referred to as benchmark rounds, though they did

not necessarily encounter these �rst. Of the remaining 29 rounds, 22 were selected at

random for each subject. The order of the total 30 rounds was random.
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Table 6: 37 Problems: Problem parameters

numb dh1 dh2 dh3 dh4 dr1 dr2 dr3 dr4 p sP nP
1 90 60 30 0 30 20 10 0 55 0 -20
2 90 60 30 0 50 40 30 20 95 0 -40
3 50 40 30 20 110 80 50 20 55 0 20
4 40 30 20 10 60 50 40 30 65 0 -20
5 90 60 30 0 60 50 40 30 65 0 20
6 60 50 40 30 40 30 20 10 65 0 -20
7 50 40 30 20 90 70 50 30 55 0 10
8 40 30 20 10 50 40 30 20 65 0 -20
9 90 60 30 0 30 20 10 0 55 -20 0
10 50 40 30 20 110 80 50 20 55 20 0
11 40 30 20 10 70 60 50 40 25 50 40
12 40 30 20 10 60 50 40 30 25 40 20
13 90 60 30 0 60 50 40 30 65 20 0
14 50 40 30 20 30 20 10 0 35 20 0
15 50 40 30 20 90 70 50 30 55 10 0
16 90 60 30 0 60 40 20 0 45 0 10
17 90 60 30 0 120 90 60 30 65 0 20
18 90 60 30 0 120 110 100 90 85 0 -20
19 90 80 70 60 60 50 40 30 75 0 20
20 90 80 70 60 60 50 40 30 85 0 -20
21 90 80 70 60 50 40 30 20 85 0 -30
22 90 60 30 0 40 30 20 10 55 0 -20
23 50 40 30 20 90 60 30 0 55 0 -20
24 50 40 30 20 50 40 30 20 55 0 -20
25 70 50 30 10 70 60 50 40 75 0 -30
26 70 60 50 40 70 50 30 10 75 0 -20
27 40 30 20 10 70 60 50 40 45 0 20
28 40 30 20 10 60 50 40 30 45 0 20
29 30 20 10 0 60 50 40 30 55 0 -20
30 90 60 30 0 60 40 20 0 45 10 0
31 90 60 30 0 120 90 60 30 65 20 0
32 90 60 30 0 120 110 100 90 85 -20 0
33 50 40 30 20 40 30 20 10 25 30 10
34 50 40 30 20 70 60 50 40 75 -20 -10
35 70 50 30 10 40 30 20 10 25 20 10
36 20 20 20 20 30 30 30 30 55 -30 -20
37 20 20 20 20 30 30 30 30 45 -20 -10
Note: �dh1" represents the induced demand(d) of the human(s) for the �rst(1) object.
Similarly �dr2" represents the induced demand(d) for any robot(r) for its second(2)
object. �p" represents the price. �sP" represents the policy setting in the status quo,
where a negative number represents a subsidy and a positive number a tax. �nP"
represents the proposed policy setting.



Table 7: 37 Problems: Problem outputs

numb sqW CE EE DDE DEE net �nal DM PM
1 40 40 0 0 0 40 80 20 20
2 0 0 40 0 0 40 40 40 40
3 0 0 0 40 0 40 40 20 20
4 0 0 0 0 -40 -40 -40 20 20
5 25 -20 0 0 0 -20 5 20 20
6 0 0 20 0 0 20 20 20 20
7 0 0 0 20 0 20 20 10 10
8 0 0 0 0 -20 -20 -20 20 20
9 80 -40 0 0 0 -40 40 20 -20
10 40 0 0 -40 0 -40 0 20 -20
11 0 0 0 0 40 40 40 10 -10
12 0 0 0 0 40 40 40 20 -20
13 5 20 0 0 0 20 25 20 -20
14 0 0 20 0 0 20 20 20 -20
15 20 0 0 -20 0 -20 0 10 -10
16 60 -20 0 10 0 -10 50 10 10
17 25 -20 0 40 0 20 45 20 20
18 5 20 0 -80 0 -60 -55 20 20
19 20 -40 20 0 0 -20 0 20 20
20 5 20 20 0 0 40 45 20 20
21 5 30 45 0 0 75 80 30 30
22 40 40 0 0 -20 20 60 20 20
23 0 0 20 -40 0 -20 -20 20 20
24 0 0 20 0 -40 -20 -20 20 20
25 0 0 30 0 -90 -60 -60 30 30
26 0 0 20 0 -20 0 0 20 20
27 0 0 0 60 -40 20 20 20 20
28 0 0 0 40 -40 0 0 20 20
29 0 0 0 -20 -40 -60 -60 20 20
30 50 20 0 -10 0 10 60 10 -10
31 45 20 0 -40 0 -20 25 20 -20
32 -55 -20 0 80 0 60 5 20 -20
33 0 0 20 0 10 30 30 20 -20
34 -40 0 0 20 10 30 -10 10 -10
35 30 20 0 0 10 30 60 10 -10
36 -120 0 0 40 80 120 0 10 -10
37 -80 0 0 40 40 80 0 10 -10
Note: The remaining variables are not shown to subjects and are calculated outputs
from the inputs of the rounds in the previous table. They include �sqW" for status quo
welfare, `CE' for Consumer E�ect, `EE' for equilibrium E�ect, `DDE' for Distributed
Direct E�ect, and `DEE' for Distributed Equilibrium E�ect, �net" the value of the
proposal, ��nal" the �nal welfare given acceptance of the proposal, and �DM" and
�PM" representing the deviation magnitude term and the policy magnitude term.



C Appendix 3: Survey Experiment

C.1 Implementation details

C.1.1 Policy section

The survey consists of three main sections: Policy Elicitation, Policy Lab Task, and

Questions section. One of two possible orders is randomly assigned, as shown below.

Policy Elicit.

Abstr. Pol. Task

Question section

Policy Elicit.

Abst. Pol. Task

Question section

0.5 0.5

Every subject encounters all four of the rating questions for each of the two poli-

cies. The four prompts, whose sequences are represented in Figure 10, read:

� Overall support: �For each policy, provide your overall degree of support or

opposition.�

� Impact on emissions rating: �Please rate each policy, solely on its e�ectiveness

for reducing emissions.�

� Financial impact on you rating: �Please rate each policy, solely on its �nancial

impact to your household.�

� Financial impact on low inc. rating: �Please rate each policy solely on its

�nancial impact on low income individuals.�
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Figure 10: Policy question order: Participants are then randomly assigned to one of
two question orders.

Figure 11: The layout for the rating question pertaining to e�ectiveness of the policy
for reducing emissions. This is only one example of the factor questions that comple-
ment the overall support rating. All four questions share this layout.



C.1.2 Question Section

What follows is a list of questions that were consistently included in the exit question-

naire sections of each survey distribution. (Age, sex, party a�liation, employment

and student status were provided directly through Proli�c's screening questionnaire

for the participants who agreed to provide and release those details.)

State of residence was asked to monitor the geographic diversity and representa-

tiveness of the sample:

In what state do you currently reside? The drop-down menu included 50

states, the District of Columbia and Puerto Rico.

The next panel of six questions measure predicted factors for support for a carbon

pricing policy like Fee & Dividend or Penalty & Reward. For the six questions, we had

no ex ante reason to think that any of these factors would be predictive of a di�erence

in support between the two policies. In theory, political background, climate beliefs,

personal emissions, and the other factors should a�ect support for the two policies

identically.

Here is a 9-point scale on which the political views that people might

hold are arranged from very liberal (left) to very conservative (right).

Where would you place yourself on this scale? In the numerical score, higher

values correspond to further right politically. This response allows a �ner and more

current measure of partisanship than the party a�liation variable provided through

Proli�c.

How con�dent are you in the following statement? Climate change is

real and caused by human activity. A slider bar is provided ranging from 0 (Not

con�dent at all) to 100 (Entirely con�dent).

How much faith and trust do you place in how the government spends

money? Responses range on a scale of 1 (Not well at all) to 5 (Extremely well).

What do you guess the e�ect of a carbon tax on your income (from

your job or other sources) would be? Choices are �Positive,� �Negative� or �No

e�ect,� and the order in which these options are shown is randomized. In the analysis

we transform this question into two dummy variables for �Positive� and �Negative.�
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It is appropriate/inappropriate for the government to sometimes redis-

tribute some resources, including money, from the wealthy, high-earning

to others, such as the poor or middle class. A slider bar ranging from -100

(Totally inappropriate) to +100 (Totally appropriate) measures the response.

Consider the average level of carbon emissions in the country. How

much higher or lower do you think your emissions total is, relative to the

average level? By what percent? We combine the response to the �rst question

of �Higher� or �Lower� with the open-ended percent response to form a numerical

composite variable, where responses can range from -1 (implying 100 percent less

than the average level, or zero emissions) to +10 (Implying 1,000 percent, or ten

times the average level of emissions).

Finally, two questions each measure additional behavioral factors that could the-

oretically result in di�erence of support between the two policies.

Do you agree with the following statement? Because carbon taxes in the

�Carbon fees and rebate payments� policy make fossil fuels more expensive

than before, the payments that people get back from the policy will be

spent on their fossil fuel budget. (Participants are shown the text of the �Carbon

fees and rebate payments� policy in case the need a reminder.) Choices are �Yes,�

�No,� and �I don't know,� which we transform into a dummy variable measuring 1 if

the response was either �Yes� or �I don't know.� This question is a measure of the

application of mental budgeting heuristic detailed in the previous section.

Subjects are shown the text of �Carbon fees and rebate payments,� and asked:

True or False? Under the policy, I should not change my behavior because

the more fossil fuel tax I pay, the more I'll get back in payments. If subjects

choose �True,� a dummy variable takes the value of 1. This question measures whether

subjects misunderstand that the dividend in a Fee & Dividend policy is essentially

uncorrelated with the taxes paid.

C.2 Results Supplement
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Figure 12: Some descriptive properties that characterize the sample. More partici-
pants believe themselves to be below-average emitters than above-average emitters.
By far, more subjects demonstrate NoDE, or low weighting to Distributed E�ects, in
the incentivized, Abstract Policy Task than high weighting to Distributed E�ects.



Table 8: E�ect of Beh. Factors on Di�. in Support, Extended to Show Controls

Dep. Var.: Penalty & Reward Premium

(1) (2) (3)

Constant 35.767∗∗∗ 4.109 −12.877
(8.245) (21.035) (35.353)

NoDE Score 35.310∗∗ 29.689∗∗ 48.185∗∗∗

(14.664) (15.028) (17.279)
Correlation error 14.812 16.090 19.612

(12.267) (11.896) (14.010)
Mental budgeting error 16.179∗∗ 15.609∗∗ 17.880∗∗

(7.462) (7.487) (8.798)
Survey order: experiment �rst −13.988∗ −14.349∗ −18.597∗

(7.966) (8.092) (9.740)
�Compute� prompt −13.092 −16.164∗ −2.544

(9.823) (9.793) (11.489)
�Expert� prompt −4.498 −0.869 1.624

(10.248) (11.038) (13.486)
Relative emissions 0.058 0.094

(0.134) (0.148)
Belief in climate change science 0.535∗∗∗ 0.557∗∗

(0.185) (0.223)
Left right score 1.241 3.269

(1.874) (2.472)
Believe job bene�ts from carbon tax −11.910 −6.947

(10.259) (11.245)
Believe job hurt from carbon tax 3.153 −3.898

(9.784) (11.156)
Trust government use of revenue −4.206 −2.183

(4.960) (5.976)
Support for redistribution −0.044 −0.027

(0.096) (0.117)
Black −11.620

(13.795)
Student 16.843

(11.383)
Unemployed −13.027

(12.736)
Male 3.307

(9.581)
Age −0.008

(0.385)

Observations 347 347 253

Notes: The table above results from estimating Equation 5 on the survey participant responses.
The dependent variable is the Penalty & Reward premium, i.e. the di�erence in each subject's
support for Penalty & Reward versus Fee & Dividend. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.



Table 9: Baseline Study: Policy Support/Opposition

Dependent variable: Policy Rating (-100 to +100)

Fee & Dividend Penalty & Reward

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

Constant −23.447 −31.599 −23.902 −34.249
(20.523) (30.245) (18.101) (25.061)

NoDE Score −19.792∗ −28.567∗∗ 0.790 8.071
(11.679) (13.946) (11.467) (11.846)

Correlation error −24.112∗∗ −18.302 1.069 3.891
(10.294) (13.307) (8.689) (10.250)

Mental budgeting error −9.151 −6.292 2.057 6.481
(6.887) (8.746) (6.275) (6.848)

Relative emissions −0.329∗∗∗ −0.346∗∗ −0.317∗∗∗ −0.371∗∗∗
(0.121) (0.139) (0.113) (0.120)

Belief in climate change science 0.241 0.260 0.813∗∗∗ 0.817∗∗∗

(0.176) (0.201) (0.164) (0.171)
Left right score −1.608 −1.596 1.198 2.454

(1.786) (2.650) (1.295) (1.587)
Believe job bene�ts from carbon tax 10.166 8.970 −2.843 0.342

(9.971) (11.709) (7.399) (8.359)
Believe job hurt from carbon tax −19.210∗∗ −15.477 −17.656∗∗ −18.300∗∗

(8.563) (9.496) (7.009) (7.502)
Trust government use of revenue 7.947 7.930 3.380 8.368∗

(4.911) (6.170) (3.822) (4.375)
Support for redistribution 0.087 0.082 0.064 0.084

(0.084) (0.105) (0.068) (0.075)
Survey order: experiment �rst 7.629 16.452∗ −9.783 −5.293

(7.180) (8.793) (6.368) (7.120)
Black 25.485∗ 10.187

(13.232) (7.535)
Student −6.352 1.209

(10.805) (7.606)
Unemployed 22.917∗ 1.708

(12.209) (7.291)
Male −9.638 −7.363

(9.766) (7.493)
Age 0.071 −0.199

(0.304) (0.307)

Observations 248 184 248 184
R2 0.257 0.282 0.341 0.416
Adjusted R2 0.223 0.213 0.310 0.360

Notes: The table above results from estimating a set of explanatory variables on elicitation of support
for each policy, Fee & Dividend in columns 1 and 2, and Penalty & Reward in columns 3 and 4. This
estimation is on the baseline participants not receiving a supplemental information treatment. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01.



Table 10: Predictiveness of Impact factors on overall policy support rating

Dependent variable: Overall Support (-100 to +100)

Fee & Dividend Penalty & Reward

(1) (2)

Constant −5.274∗∗ 3.470
(2.078) (3.179)

Emissions impact rating (-100 to +100) 0.398∗∗∗ 0.430∗∗∗

(0.058) (0.075)

Your Finances impact rating (-100 to +100) 0.290∗∗∗ 0.341∗∗∗

(0.072) (0.087)

Low Income impact rating 0.246∗∗∗ 0.202∗∗∗

(0.061) (0.068)

Observations 347 347
R2 0.608 0.597
Adjusted R2 0.604 0.594

Notes: The Emissions impact rating was solicited by asking for both policies,�Please rate each policy, solely on its
e�ectiveness for reducing emissions.� Financial impact rating asked: �Please rate each policy, solely on its �nancial
impact to your household.� And Low Income impact rating: �Please rate each policy solely on its �nancial impact on
low income individuals.� ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Table 11: Wilcoxon Rank Sum Test With Continuity Correction (p-value)

Treatment P&R = F&D Di�(HNoDE)=Di�(LNoDE) Di�(Left)=Di�(Right) P&R(Right)=F&D(Left)

BASELINE < 2e− 16∗∗∗ 0.0002∗∗∗ 0.0367∗∗ 0.0044∗∗∗

T:COMPUTE 0.0154∗∗ 0.0338∗∗ 0.3429 0.151
T:EXPERT 0.0006∗∗∗ 0.1897 0.1992 0.5762

The p-values, < 2e − 16∗∗∗ and 0.0002∗∗∗ correspond to Hypotheses 1 (Penalty &
Reward is better supported than Fee & Dividend) and Hypothesis 2 (Penalty Reward
Premium is higher among high NoDE than among low NoDE subjects), respectively.



Table 12: Robustness to Single Policy Presentation (Between Subjects)

Dependent variable:

Support for Policy

Constant (Fee & Dividend) −18.814∗∗∗
(6.580)

Fee & Dividend With �Compute� Treatment 10.814
(13.719)

Fee & Dividend With �Expert� Treatment 13.510
(10.962)

Penalty & Reward 37.826∗∗∗

(8.159)

Observations 331

Notes: In Table 12, above, subjects either encountered a basic Fee & Dividend pol-
icy (represented as the constant term in the regression), the �Compute� assisted Fee
& Dividend policy (represented as the �rst treatment dummy in the regression), the
�Expert� assisted Fee & Dividend policy (the second treatment dummy), or Penalty
& Reward (the third treatment dummy). Higher support for Penalty & Reward is
clearly robust to sequential policy presentation, but the magnitude of the gap in sup-
port intensity is a more modest 38 points than the 49 point gap observed in the
simultaneous-presentation sample discussed in Section 6. While not statistically sig-
ni�cant, the e�ect magnitude of information treatments is modestly larger in the
robustness sample. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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C.3 Full Survey
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Note: in any round, the subject �rst sees the initial scenario alone, then must click

�Next� to move to a slide where the initial scenario is accompanied by the Feature

Choice being o�ered in the round. To avoid unnecessary duplication, the images

below do not include the initial slide, only the Feature Choice slide, which includes

the content of that round's initial slide (resale values, price, and any other initial

features.)
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D Appendix 4: Implementing Penalty & Reward

When a single corporation or administrator oversees the usage of a the good or ser-

vice, as is the case for local toll roads, electricity, and water providers, administering

congestion and conservation pricing using Penalty & Reward is straightforward. With

records of individual usage, no additional data gathering is required. Penalty & Re-

ward can o�er a popular, transparent way to accomplish the goal of reducing usage at

peak times by helping people see that (1) the goal of the policy is not to �price-gouge"

or obtain revenue, and (2) they may stand to gain �nancially from the policy.

With carbon, the consumer does not usually transact with a sole producer, making

observability more di�cult. For this reason, Fee & Dividend, with taxes levied at the

production of emissions, is considered ideal for implementation.49 Still, a version of

Penalty & Reward can be implemented using carbon credits.50 Every consumer is

issued a quantity of carbon credits determined by the population average consumption

level in the nearest prior period. These credits can be thought of as coupons that

exempt purchases from the carbon tax at the time of purchase or redeemable at any

time for equivalent cash value.51 This implementation of Penalty & Reward is not

game-able. In Penalty & Reward, the credits are based on the population mean

consumption in a prior period, a �gure no sole consumer can meaningfully in�uence.

As an example, consider the taxation of transportation emissions through gasoline

taxes. Consumers could be issued a card that they use to exempt themselves, up to

a point, from taxes on gasoline purchases. Using the card is unnecessary and merely

an ex ante acceptability tool, as credits can also be immediately redeemed as cash

for their tax savings value. Credits, a form of cash, can be consolidated between

consumers. These credits are, in e�ect, the dividend payment of the prior period.

The approach could be further enhanced by informing consumers of the carbon

49There may be disadvantages to this approach, however, given that tax salience to consumers can
deliver outsize reductions in externalities relative to commensurate e�ects of passed-through prices
alone. Evidence can be found in Andersson (2019) and Murray and Rivers (2015).

50To distinguish from cap-and-trade, a credit's price is �xed, not quantity.

51In the language of Fee & Dividend, these coupons are essentially dividends - they are redeemable
for the equivalent amount of money. But perceptually they can also be more readily perceived as
bu�ering consumers from taxes, up to a threshold.
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emissions embedded in broader categories of purchases, as consumers appear to be un-

aware and respond to this information when provided (Muller et al., 2019; Lohmann

et al., 2022). If all purchases accounted for embedded emissions, the tax and envi-

ronmental costs would be more salient and it would be possible to use carbon credits

in a wider range of consumer settings.

Finally, Penalty & Reward can be used as a more e�ective way of communicating

a Fee & Dividend policy. Often policies, including tax policies, are communicated

in a way that does not convey literally the somewhat more opaque and complex

implementation mechanism (Abeler and Jäger, 2015). Communicating Penalty &

Reward, while implementing Fee & Dividend, may not be considered misleading,

given the fact that they are isometric and a short experience window could clarify

this fact for individuals who doubt it.
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