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1 Introduction

Do individuals’ perceptions of how the government spends tax dollars influence their willing-
ness to pay taxes? From an individual’s point of view, the taxes that a single person pays
have a negligible impact on the quantity or quality of government services that the individ-
ual receives. In other words, one individual can free-ride on the taxes paid by all the other
taxpayers. However, we hypothesize that perceptions about government spending may still
affect tax compliance through tax morale. More precisely, if individuals perceive that their
taxes are being used to fund government services that are of personal benefit to them, they
may feel a heightened moral obligation to pay their taxes. From hereon, we refer to this as
the “reciprocal motivation” hypothesis.1 The reciprocal motivation channel may help explain
differences in tax morale, such as why some individuals are more willing to pay taxes than
others. This channel could also be relevant for policymakers, as government communications
about public finances might influence tax morale. In this paper, we test the reciprocal mo-
tivation hypothesis using a natural field experiment in a high-stakes context and through
revealed preferences.

Our experiment leverages the context of property taxes, which represent an important
source of revenue for governments in the United States and around the world.2 For instance,
U.S. property tax revenues in 2019 were estimated at $577 billion (Tax Policy Center, 2021a),
nearly three times higher than the corporate income tax.3 In the United States, virtually
all counties rely heavily on property taxes to fund key government services such as schools,
parks, and roads. School funding typically makes up the largest component of property taxes.

This setting offers two key advantages to test our hypothesis. First, our research design
leverages the straightforward path between property taxes and the government services they
fund, allowing us to identify who benefits from what. In particular, households with children
enrolled in local public schools benefit directly from education funded by property taxes,
whereas households without children enrolled in local public schools do not. For brevity, we
hereinafter refer to households with children enrolled in local public schools as “households
with children” and those without as “households without children.”

The second advantage of this setting is that we can study the willingness to pay taxes
1 This channel is similar to what Luttmer and Singhal (2014) call reciprocal motivation: “the willingness to
pay taxes in exchange for benefits that the state provides to them (...) even though their pecuniary payoff
would be higher if they didn’t pay taxes.” This channel is also related to a normative principle known as
benefit-based taxation, which can be briefly described as the “idea of basing tax liabilities on how much an
individual benefits from the activities of the state” (Weinzierl, 2018).

2 For other studies on property taxes, see for example Cabral and Hoxby (2012), Jones (2019), Avenancio-Leon
and Howard (2022), Nathan et al. (2020) and Dzansi et al. (2022).

3 For reference, the 2019 federal income tax generated $1.717 trillion in revenue and corporate income tax
generated $230 billion (Tax Policy Center, 2021b).
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via revealed preferences using households’ decisions to file property tax appeals, also known
as tax protests (Nathan et al., 2020). Filing an appeal is a consequential, high-stakes action
that households can take to reduce the amount they have to pay in property taxes.4 In a
nutshell, households can use the subjective nature of the property appraisal process in their
favor. If they feel their taxes are too high, they can file a tax appeal to reduce their tax
burden. The majority of these tax protests are successful, and they typically save households
hundreds of dollars per year (Nathan et al., 2020).

We conducted the field experiment in Dallas County, Texas. We focus on one county
because, from a logistical perspective, it is more practical to implement a field experiment in
a single location. With an estimated population of about 2.6 million in 2020 (U.S. Census
Bureau, 2021), Dallas County is the second-largest county in Texas and has a larger popu-
lation than 15 of the 50 U.S. states. The county is diverse along many dimensions, such as
ethnicity, and has a relatively even distribution of Democrat and Republican supporters.5

We sent an invitation letter to a sample of 78,128 households, encouraging them to par-
ticipate in an online survey. The response rate was 2.7%, which aligns with the expected
rate based on the recruitment method (Sinclair et al., 2012; Nathan et al., 2020). Our main
subject pool comprises 2,110 respondents who completed the survey a few weeks before the
deadline to file a property tax appeal between April and May of 2021. Our survey elicited key
characteristics of the household, such as whether it has children enrolled in public schools.
We match survey responses to administrative records from the county assessor’s office. The
rich administrative data allows us to determine, among other things, if the survey respondent
subsequently filed a tax appeal.

Our experimental design can be summarized as follows. First, we measure respondents’
perceptions about the share of their own property taxes that corresponds to school taxes and
thus funds local public schools. For brevity, in the remainder of the paper, we refer to this
percentage as the household’s “school share.” The school share for the average household
in Dallas County is about 49.78%. We can assess respondents’ misperceptions about the
allocation of their tax dollars by comparing their estimates of the school share to the actual
figures from administrative records. To study the causal effect of beliefs about how the
government spends its tax dollars, the survey embeds an information-provision experiment.
After eliciting respondents’ prior beliefs, we provide a random half of them with information
about their respective true school shares. We can assess whether the provision of information
4 When studying attitudes towards taxation, social scientists rely primarily on survey data. However, survey
data have some well-known limitations, such as social desirability bias. For example, some individuals may
say that they are willing to pay more in taxes but would choose otherwise when facing real stakes.

5 For example, in the 2012 presidential election, Barack Obama received 57% of the votes in Dallas County,
whereas Mitt Romney received 42% (the remaining 1% of votes went to third-party candidates).
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influences their posterior beliefs, as indicated by survey responses, and their decisions to file
a tax appeal, as reflected in administrative data.

The information-provision experiment creates exogenous variation in respondents’ poste-
rior beliefs about the fraction of their property taxes that funds local schools. To illustrate,
a subject who perceives her or his school share amount to be 30% may be informed that the
actual share is 50%. According to our hypothesis and as noted in the randomized control
trial (RCT) pre-registration, the expected effects of the information shock depend on whether
the household has children enrolled in public schools. Upon learning that the school share
is higher than originally thought, households with children should become less likely to file
a tax appeal because they learn that they benefit more from the allocation of government
services than they originally believed. Conversely, households without children enrolled in
public schools should become more likely to file a tax appeal because they learn that they
benefit less from the allocation of government services than they originally thought.

Our experiment also included a second treatment arm providing information on how the
county redistributed part of the tax revenues from richer to poorer school districts (also
known as “recapture system”). Before conducting the experiment, we expected that both
treatment arms would be adequately powered to detect effects. However, we found that we
were underpowered in the second treatment arm. For transparency, we still report the full
analysis for the second treatment arm in the appendix.

Before any adjustment resulting from tax appeals, the average subject in our sample
owns a home worth $349,988 and pays $7,738 in annual property taxes. There is significant
variation in the degree to which households benefit from public education, which is important
for our research design: households with children account for 25.5% of the sample, and
households without children account for the remaining 74.5%. Owners can protest “directly”
on their own (the main focus of this paper) or they can hire an agent to protest on their
behalf. For reference, 30.1% of homeowners in the control group (i.e., those who did not
receive any information treatment) protested directly in 2021.

The results indicate that even though the information is publicly available and easily
accessible, most households have misperceptions about their respective school shares. When
provided with accurate information, we observe that households strongly update their beliefs.
Moreover, consistent with the reciprocal motivation hypothesis, the information affects the
probability of tax appeals differently for households with and without children. We start by
measuring the average treatment effects of the information. On average, both households
with and without children increase their perception about the share of taxes going to schools.
Households with children become less likely to protest, while households without children
become more likely to file an appeal.
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To better assess the magnitude of these effects, we use a Two-Stage Least Squares (2SLS)
model. This model estimates the causal effect of beliefs about school share on the probabil-
ity of protesting by leveraging the exogenous shocks to beliefs induced by the information-
provision experiment. We find that the effects are not only statistically significant but eco-
nomically significant too. Our baseline estimates imply that increasing the (perceived) school
share by 10 percentage points (pp) would cause a drop of 4.09 pp in the probability of filing
a protest among households with children and an increase of 2.78 pp in the probability of
protesting among households without children. These effects amount to 12.1% and 9.6% of
the corresponding baseline protest rates, respectively. Furthermore, we show that the effects
on protests were consequential in that they subsequently affected the assessed home values.
These results are robust to a host of alternative specifications and falsification tests.

Property taxes function in much the same way across counties in Texas and similarly
throughout the country (Dobay et al., 2019; World Bank, 2019; Nathan et al., 2020).6 On
one hand, these similarities suggest that our results from Dallas County may be reasonably
generalizable to other U.S. counties. On the other hand, there are some unique features of
our sample that should be considered when extrapolating to other contexts. First, there are
some significant differences between our survey respondents and the broader population of
homeowners in Dallas County – for example, survey respondents are more likely to file a tax
protest. As a result, the average effects of the information in the subject pool may differ from
those among the general population. Second, we conducted our experiment in an area with
relatively high-quality public schools. The effects of information about school spending might
be much weaker, or even null, in areas where public goods are of lower quality or where local
governments are perceived as corrupt. Third, while we examined the effects on tax appeals,
the effects may be different for other margins of tax compliance, such as tax delinquency or
tax evasion. More broadly, in the language of List (2020), our results can be seen as a wave-1
insight that establishes initial causality and provides the first tests of theory.

Our study relates and contributes to the literature on tax compliance.7 To explain why
tax compliance varies among taxpayers and countries, there are two schools of thought:
institutions and tax morale. Abundant research shows that institutions have large effects on
tax compliance (Slemrod, 2019). For example, the introduction of withholding and third-
party reporting caused a massive increase in tax compliance (Bagchi and Dušek, 2021). In
comparison, compelling evidence supporting the role of tax morale is more limited (Luttmer
and Singhal, 2014; Slemrod, 2019). Our study provides novel evidence showing that tax
6 For instance, property taxes provide a significant source of school funding in most of the U.S. (Chen, 2021).
7 The role of tax morale in shaping individuals’ attitudes toward taxation, and in particular the reciprocity
mechanism, has also been studied in the lab or using “stated” preferences in the tax aversion literature
(e.g., Sussman and Olivola, 2011; Kessler and Norton, 2016; Douenne and Fabre, 2022).
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morale can be a significant driver of tax compliance and provides evidence on a specific
mechanism: reciprocal motivation.

There are a few related studies providing suggestive evidence that are consistent with our
results which find that rewarding taxpayers with public services has a positive effect on their
subsequent tax compliance.8 Cullen et al. (2021) provides quasi-experimental evidence that
tax evasion decreases when the political party of the taxpayer is in control of the presidency.9

Carrillo et al. (2021) conducted an experiment in which 400 taxpayers from an Argentine
municipality were randomly selected to be publicly recognized for their tax compliance and
were awarded the construction of a sidewalk near their homes. They found that their inter-
vention had a positive effect on subsequent tax compliance. Krause (2020) found that tax
payments increased 27% as a consequence of an intervention that increased municipal garbage
removal in some randomly selected census blocks in Carrefour, Haiti. Lastly, Kresch et al.
(2023) provides non-experimental evidence from Manaus, Brazil, showing that households
with access to the city sewer system are more likely to pay property taxes. We contribute to
the literature in two ways. First, we provide experimental evidence to identify causal effects.
Second, we identify and quantify more precisely the causal mechanisms at play. For instance,
ours is the first study to measure taxpayers’ perceptions about the destination of their tax
dollars. Moreover, interventions from previous studies combine multiple features, making
it challenging to identify the precise mechanisms at play. For example, the intervention in
Carrillo et al. (2021) jointly awards taxpayers with social recognition and the construction
of a sidewalk near their homes. The bundled nature of this experimental intervention makes
it impossible to identify whether the effects on tax compliance are due to social recognition,
the construction of the sidewalk, or a combination of both.

Our setting has some differences with respect to the existing literature on tax morale
that are worth discussing. We study taxes in a high enforcement context. The existing
institutions, such as tax payments via escrow (Cabral and Hoxby, 2012), tax lien sales,
foreclosure of delinquent properties, and wage garnishments, lead to extremely high rates of
property tax compliance. In our subject pool, for example, only 0.42% failed to pay their
property taxes.10 In comparison, the related studies were conducted in developing countries
such as Argentina, Brazil, Haiti, and Malawi, where more than 50% of households failed to
pay their property taxes. In low enforcement contexts, there is scope to study tax morale by
looking at outcomes such as tax evasion or tax delinquency. However, in high enforcement
8 Beyond taxation, recent quasi-experimental evidence demonstrates how the salience of government spending
can affect electoral outcomes (Huet-Vaughn, 2019; Ajzenman and Durante, 2022).

9 In the context of a laboratory study, Huet-Vaughn et al. (2019) provides related laboratory evidence showing
that partisanship can affect attitudes towards taxation.

10 For the property taxes from the 2021 fiscal year, which were due on January, 31st of 2022, 9 out of the
2,110 households (0.42%) of our subject pool had not paid their property taxes by October 22nd, 2022.
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contexts, households end up paying their taxes whether they like it or not. By looking at
a different margin of tax compliance (legal tax avoidance via appeals), we can study tax
morale even in a context of high enforcement. However, it is important to note that these
differences may limit the direct comparability of our findings to those of studies focusing on
tax evasion. For instance, illegal tax evasion, legal tax avoidance, and legal property tax
protests are likely viewed through different moral frameworks by taxpayers: tax evasion is
probably viewed in a much more negative light than tax protests.

Our findings can also speak to a literature that uses correspondence experiments to study
tax morale (Slemrod, 2019). These studies typically randomize a message of moral suasion,
such as a reminder that paying taxes is the right thing to do, and then measure the effects
of that message on subsequent tax compliance.11 Antinyan and Asatryan (2019) conducted
a meta-analysis of about 1,000 treatment effects from 45 randomized control trials and con-
cluded that “interventions pointing to elements of individual tax morale (...) are on average
ineffective in curbing tax evasion, while deterrence nudges (...) are potent catalysts of com-
pliance.”12 In a review, Slemrod (2019) reaches a similar conclusion.13 We want to highlight
two advantages of our experimental design that enabled us to detect tax morale effects in
ways that would have been difficult with traditional correspondence studies. First, because
we randomized the information provision within the survey, we can confirm that subjects
actually saw the information. In traditional correspondence studies, the vast majority of
subjects may not read the correspondence carefully or might discard it without even opening
it (Bottan and Perez-Truglia, 2020; Nathan et al., 2020). Second, it is crucial to consider the
possibility of highly heterogeneous effects of information. The same piece of information can
have opposite effects on different groups, such as households with or without children or those
with prior beliefs that under- or over-estimate the truth.14 These opposing effects across dif-
ferent groups may, on average, cancel each other out, leading to the erroneous conclusion that
tax morale is irrelevant to tax compliance decisions. Our methodological approach allows
us to disentangle these sources of heterogeneity. We hope these methodological insights aid
researchers to better explore tax morale in other settings.
11 For a seminal contribution, see Blumenthal et al. (2001).
12 The messages of moral suasion used in these studies sometimes, but not always, include information related

to government services (see e.g., Castro and Scartascini, 2015; Hallsworth et al., 2017; Bowers et al., 2020;
De Neve et al., 2021; Carrillo et al., 2021; Bergolo et al., 2023). When looking specifically at the group of
interventions including information on government services, Antinyan and Asatryan (2019) arrive at the
same conclusion. As for the broad group of moral suasion messages, interventions including information
on government services are also ineffective. However, despite the average findings suggesting null effects,
there are a few exceptions (e.g., Del Carpio, 2014; Bott et al., 2020).

13 Slemrod (2019) concludes, “In sum, a plethora of studies have failed to find evidence that appeals to tax
morale, defined broadly, affect taxpayer behavior in the short run when delivered via a one-time mailing.”

14 For related evidence on the importance of treatment heterogeneity in the context of tax morale, see Castro
and Scartascini (2015).
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Lastly, this study is related to a small but growing body of work that seeks to incorporate
normative considerations into tax policy design (Mankiw and Weinzierl, 2010; Weinzierl,
2014; Saez and Stantcheva, 2016).15 This literature is new and mostly theoretical. There is
some empirical evidence, but it is limited to survey data, such as asking individuals to choose
between hypothetical tax policies (Weinzierl, 2014; Saez and Stantcheva, 2016; Weinzierl,
2017). We fill this gap in the literature by providing evidence based on real-world behavior
and in a natural, high-stakes context.

The remainder of the paper proceeds as follows. Section 2 describes the institutional
context. Section 3 discusses the data, experimental design and implementation. Section 4
presents the results. The last section concludes.

2 Institutional Context and Conceptual Framework

2.1 Property Taxes and Public Schools

In Dallas County, property taxes fund various public services, such as schools, roads, parks,
and police and fire departments.16 In 2021, the average home in Dallas County was worth
$327,690. The average estimated property tax bill was $6,370, implying an effective tax
rate of 1.94%.17 Texas does not have a state income tax. To compensate, revenues from
property taxes fund a greater share of local government services in Texas than in many
states. School taxes comprise the largest share of property taxes, accounting on average for
nearly half (49.78%) of the total property tax bill. There is variation in the share of school
taxes between households. For example, in our subject pool, the school share is 41.57% for
the 10th percentile and 57.01% for the 90th percentile.18 The second largest component is
the city tax (accounting for approximately 28% of property taxes), followed by the hospital
(10%), county (8%), college (4%), and special district (<1%) taxes.

Dallas County has 16 major Independent School Districts (ISDs). Homeowners who live
within the geographical boundaries of a given ISD jurisdiction are subject to the tax rate
for that ISD. Households also have the right to send their children to their district’s K–
12 public schools. All households must pay school taxes, regardless of whether they have
15 For instance, the normative considerations related to equality of opportunity or poverty alleviation.
16 In this sub-section, we present the most important features of the institutional context. More details on

the definition of the samples of interest and additional information on the property tax system in Texas
are reported in Appendices A.1 and A.2.

17 There is heterogeneity in the effective tax rate that households pay, with some households paying a rate
that is as much as 1 pp below or above the average rate – for more details, see Nathan et al. (2023).

18 These differences are due to a host of factors such as differences in jurisdictional tax rates across districts
and household-specific exemptions such as the homestead cap – more details in Nathan et al. (2020).
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children enrolled in public schools. The public schools in Dallas County are generally of
great quality.19 Alternatively, homeowners can send their children to private schools, opt for
homeschooling, or enter a lottery for the chance to send their children to charter schools,
which are tuition-free public schools that receive state and federal funding and do not receive
funding from the district’s property taxes.20

Our definition of “households with children” comprises households with children enrolled
in local public schools administered by the ISDs since these are funded with property taxes.
The category “households without children” includes households without school-aged children
as well as those with school-aged children but attending private schools, charter schools, or
home-schooling. Note that while charter schools are public institutions, we do not include
them in the definition of “households with children” because charter schools are not funded
with property taxes. In the subject pool, the category “households without children” is
comprised of 83.1% of households without school-aged children and a small minority of 16.9%
of households with school-aged children but attending private schools, charter schools, or
home-schooled. Unfortunately, we did not include a survey question to differentiate between
the three subcategories. However, based on publicly available statistics, our best guess is
that the category “households without children” includes approximately 4.1% of households
with children in private schools, 6.4% with children in charter schools, and 6.4% with home-
schooled children.21

2.2 Tax Protests

Each year, the DCAD performs market value appraisals for all homes in the county. Each
appraisal results in a “proposed value” for the home, which is an estimate of the home’s mar-
ket value as of January 1st. The DCAD makes this information available to all homeowners
through its website and by mail.22 The notice includes additional information, such as the
estimated taxes due based on the property’s proposed values and how property taxes are
allocated across jurisdiction types (e.g., school and city taxes). After the notifications are
sent, households have a month from the notification date to file a protest if they disagree
19 For example, according to www.GreatSchools.org, 100% of the schools in the Highland Park ISD have

above-average ratings in Texas, whereas 43% of schools in the Mesquite ISD have below-average ratings
(data accessed on November 4, 2021).

20 ISDs in Texas can contract with charter schools (Senate Bill 188). No such contract exists in Dallas County.
21 These calculations are based on estimates from the Texas Public Policy Fundation (2022) indicating that in

the Dallas-Fort Worth-Arlington metropolitan area, 79.3% of students were enrolled in local public schools,
7.9% in charter schools, 5.0% in private schools and 7.8% were home-schooled in the 2020-2021 school year.

22 A sample notification, called the “Notice of Appraised Value,” is shown in Appendix H. This notification
is available online for every household and is also sent by mail to some households (e.g., households with
proposed values that increased from the previous year).
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with the proposed value. In 2021, the DCAD notified the proposed values on April 16; as a
result, the deadline to protest was May 17.

Homeowners can file a protest directly or hire an agent to help them. Agents typically
charge a combination of a flat fee and a percentage of the tax savings, which can be as high
as 50% of the savings. We explain in Section 3.5 that our main focus is on direct protests.
Homeowners can file a direct protest by mail using a form included with their mailed notice, or
they can file a protest online using a simple tool called uFile.23 After reviewing the argument,
the DCAD can (and often does) make an offer by mail or phone to reduce the home’s assessed
value. If the homeowner refuses to pay this settlement value or the DCAD does not offer a
settlement, the appeal proceeds to a formal hearing with the Appraisal Review Board. Once
the protests are resolved, the new tax amount becomes payable immediately or at the billing
date if it is later (i.e., on October 1st, 2021). Unpaid taxes eventually become delinquent
(e.g., unpaid 2021 property taxes became delinquent on January 31, 2022).

A key feature of this setting is the difficulty in estimating home market values for homes
that have not been sold recently, a process that involves significant ambiguity and subjectiv-
ity. The DCAD uses statistical models and large datasets (e.g., recent home sales) to estimate
each property’s market value. However, even multibillion-dollar companies like Zillow and
Redfin have a hard time estimating market values using statistical models (Parker and Fried-
man, 2021). This ambiguity in home value is important for interpreting our results because
it implies that households are not trying to objectively “correct” estimates from the DCAD.
Instead, they present a data point (e.g., the sale price of a neighboring home) to support
their protest. This distinction is consistent with what was expressed in our conversations
with officials from some of the county appraisal districts in Texas. Their prevailing view is
that households use the subjective nature of the appraisal process as an excuse to complain
about their taxes being too high (for details, see Nathan et al., 2020) and not necessarily to
complain about the county’s estimate of their home value.

Tax protests in Dallas County operate similarly to how they operate across all 241 counties
in Texas. Indeed, Appraisal District Boards (e.g., DCAD in Dallas) are political subdivisions
of the Texas Comptroller of Public Accounts, and homeowners in every county in Texas can
protest using the same form provided by the state. For this reason, the prevalence of appeals
is likely similar across counties in Texas. Although some form of property value protests
exists in other states in the United States, we are unaware of any compiled statistics at
23 To protest online, homeowners need to look up their account (e.g., searching for their names or addresses)

and then follow some straightforward steps in the uFile system. To protest by mail, households who received
a notification from the DCAD can use the protest form included with the notification, and households that
did not receive a notification can file by mailing a printed form that can be obtained online on either the
DCAD’s or the Texas Comptroller’s website. In 2020, about 75% of direct protests were filed online, while
the remaining 25% were filed by mail (Nathan et al., 2020).
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the national level. However, we know there are similarities in how tax appeals work, and
therefore, appeal rates in other states may be similar to those of Texas. For instance, 16.0%
of all Dallas County households filed a protest in 2020.24 In comparison, the percentage
of households who filed a tax appeal in Cook County, Illinois, ranged from 10% to 21%
annually between 2002 and 2015, with a mean of 14.6% (Avenancio-Leon and Howard, 2022).
Nevertheless, tax appeals may be less common in other states. For instance, some counties
charge a processing fee for filing an appeal.25 In some states, such as California, appraised
values are updated only when properties are sold, which provides less incentive to file a tax
appeal if the homeowner purchased the home several years ago (Nathan et al., 2020). As a
result, we estimate that the rates of tax appeal in San Francisco were below 4% in recent
years.26

2.3 Conceptual Framework

In this section, we outline the key predictions of the reciprocal motivation channel. For
brevity, we discuss the main intuitions here and provide the formal model in Appendix C.

Consider a government that allocates a household’s tax dollars into two spending cate-
gories. A portion of the tax dollars funds local public schools referred to as school expendi-
tures, while the remainder is allocated to a residual category, non-school expenditures, which
includes services such as police and roads. There are two types of households: those with
children, who benefit from both school and non-school expenditures and those without chil-
dren, who do not benefit from school spending but do benefit from non-school expenditures
in the same way as households with children. The reciprocal motivation channel assumes that
households are more willing to pay taxes (and thus less likely to file a tax appeal) when they
perceive that they benefit more from the government services funded by their tax dollars.

Assume there is an increase in a household’s perceived school share.27 We are interested in
how this change in perception affects the likelihood of the household filing a tax appeal. The
reciprocal motivation channel makes a key prediction: there should be a differential effect be-
tween households with children and those without children. The intuition is straightforward.
24 See column (1) in Table 1.
25 For example, San Francisco County charges a fee of $60 and Los Angeles County charges a $46 fee.
26 According to San Francisco Chronicle (2023), there were 1,878 residential and commercial appeals in San

Francisco during the 2022-2023 cycle and 6,836 during the 2023-2024 cycle. Based on the number of
residential and commercial properties in San Francisco County (source: https://www.sfassessor.org/
news-information/property-data-0) we estimate appeal rates of 0.8% and 3.2%, respectively.

27 This simple model assumes that we can change the belief about the school share while holding other beliefs
constant. In practice, however, households might become more pessimistic about how efficiently school
funds are used in response to the school share information. In that case, households with children might
become more likely to protest.
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On the one hand, when the school share increases, households without children are more
likely to protest since they do not benefit from school expenditures and thus perceive more
of their tax dollars as being used for services they do not consider valuable. On the other
hand, for households with children, the direction of the effect depends on their preference
between school and non-school expenditures. For example, if they prefer school expenditures,
households with children should be less likely to protest when their perceived school share
increases.28 Regardless of this preference, the effect on the probability of protesting should
always be lower for households with children than for those without children. Intuitively,
when the perceived school share increases, both types of households lose in non-school ex-
penditures; however, households with children at least gain in school expenditures. In the
remainder of this paper, we leverage a field experiment to test these predictions.29

3 Data, Experimental Design, and Implementation

3.1 Data and Sample Selection

To carry out our experiment, we use publicly available administrative data on property taxes
and property tax protests from the Dallas County Appraisal District (DCAD).30 This infor-
mation includes details about ownership, address, and property characteristics, like square
footage and the number of bedrooms and bathrooms, for the different taxing jurisdictions
(community college, hospital, 31 cities, 16 ISDs, 12 Special Districts and the county itself).
Additionally, the data include historical yearly records of proposed and certified market val-
ues, exemption amounts, taxable values, and tax rates. Furthermore, detailed information is
available on property tax protest records, separating protests conducted directly by the owner
and protests conducted with the help of an agent. The raw data available on the DCAD
website contains information on more than 800,000 residential and commercial properties.
We begin with a sample of 400,193 owner-occupied residential properties, which we will refer
to as the “Universe” sample.31 When necessary, we supplement the administrative records
28 Or, if they prefer non-school expenditures, they should become more likely to protest.
29 Appendix C presents several extensions. For instance, it considers cases where households without children

derive value from expenditures in public schools because they are not selfish, have benefited from public
schools in the past, or expect to benefit from public school expenditures in the future.

30 The latest version of the data is available in https://www.dallascad.org/DataProducts.aspx. We down-
loaded most of the baseline information on April 16, 2021, the day the DCAD notified the proposed values
for 2021. Data corresponding to the post-treatment period was downloaded for the current version of the
paper on April 25, 2024.

31 We arrived at this sample by applying several filters, such as excluding commercial properties, non-owner-
occupied residences, and properties in two ISDs – Ferris and Grapevine-Colleyville– from which only a
marginal area belongs to Dallas County. See Appendix A.2 for details of the selection criteria.

11

https://www.dallascad.org/DataProducts.aspx


with data from other sources, such as the National Change of Address (NCOA) records.
Of the 400,193 properties, we selected a sub-sample of 78,128 households to receive a

letter inviting them to participate in an experimental survey. We will refer to this sample
as the “Letter Sample.” We designed the sample criteria to ensure a wide representation
of richer and poorer school districts. More specifically, we oversample households from the
richer ISDs in Dallas County (Carrolton, Coppell, and Highland Park). All homeowners in
these three districts were selected for the letter sample. We also oversample households who
experienced increases in their estimated taxes because they are more likely to consider filing
a tax protest (Jones, 2019; Nathan et al., 2020).32 The sample criteria are explained in more
detail in Appendix A.2.

Panel (a) of Table 1 presents descriptive statistics for some key variables based on the
information available in the administrative records at baseline. Column (1) corresponds to the
universe, while column (2) corresponds to the letter sample.33 By construction, properties in
the letter sample are more expensive and consequently pay more in property taxes, although
the share of property taxes that correspond to school taxes is similar for the letter sample
(50.60%) and the universe (49.77%). Regarding protest history, the homeowners selected to
receive the letter seem slightly more likely to file a protest directly (e.g., in 2020, the direct
protest rate was 8.83% for this sample vs. 7.96% in the universe sample).

3.2 Subject Recruitment

We sent a letter to the 78,128 households in the letter sample, inviting them to participate
in an online survey. The letter included a URL to access the survey. We mailed our letters
so they would be delivered close to the time that homeowners in Dallas County could start
filing tax appeals. Appendix D shows a sample envelope, and Appendix E shows a sample
letter. We include several features to indicate the legitimacy of the letters. For example,
the letters were sent on behalf of researchers at The University of Texas at Dallas, a well-
known institution in Dallas County. The envelope featured the university logo, the name of
a professor from that university, and non-profit organization postage. The letter included
a physical address for the researcher and a link to the study’s website (see Appendix F
for a screenshot of the website). It also provided contact information for the researchers
and the Institutional Review Board. The letter salutation included each recipient’s name,
and recipients’ names and addresses were printed at the bottom of the second page so that
32 More precisely, for the 11 remaining districts, we sorted the data by the percentage increase in the estimated

property tax bill (relative to 2020) and a randomly generated number. We then selected the first 5,200
properties within each school district to be invited to the survey.

33 Appendix A.3 contains a more detailed description of each subgroup and a more thorough discussion of
the property characteristics.
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they appeared through the envelope window. In cases where properties were jointly owned
by multiple individuals (typically, husband and wife), we sent one letter to the address but
listed all owners on the letter. The letter also mentioned the proposed value of the recipient’s
home and the estimated amount of property tax for 2021.

Importantly, we can link the survey responses to the administrative records. In addition
to the opportunity to contribute to a research study, we included two additional incentives
for survey participation. First, the letters indicated that detailed, step-by-step instructions
on how to file a protest online or by mail would be provided at the end of the survey.34 As
a second incentive, some subjects were informed that they would enter a raffle for 20 prizes
worth $100 each.35

3.3 Survey Design

In this section, we summarize the main features of the survey.36 We start by asking a critical
question: whether the respondent’s household has children enrolled in grades K–12 at their
local public school district and, if so, how many. This important information is not included
in the tax agency’s administrative records. The survey can be summarized as follows:

Step 1 (Elicit Prior Belief): We begin by providing the estimated total property tax
amount for the respondent’s home in 2020 (based on administrative records). We then
explain that this total amount is the sum of different components, such as school, city,
and hospital taxes. We asked respondents to guess their school share in 2020, using any
amount between 0% and 100%.

Step 2 (Information-Provision Experiment): For every subject, we calculate the
“correct” answer to the previous question based on administrative records. We then ran-
domize whether the subject sees the correct answer. Each subject faces a 50% probability
of being shown this information. To avoid respondents making inferences from the act of
receiving information, we make the randomization explicit. On the first screen, we inform
respondents that some participants will be randomly chosen to receive the information and

34 This walk-through included hyperlinks to relevant websites and screenshots of a sample protest using
information from a fictitious household for added clarity. To access these instructions, subjects received a
URL and a code on the final screen of the survey. Appendix G includes a copy of the Web instructions.
Nathan et al. (2020) show that these instructions have a significant positive effect on the protest probability.

35 All respondents were entered into the same raffle, but only a random half of respondents were informed
about the raffle in the letter (i.e., before deciding whether to participate in the survey). This randomization
aimed to assess the effectiveness of raffle prizes in increasing response rates, which can be useful information
for future researchers conducting similar field experiments. The results are presented in Appendix A.4.
Overall, the raffle message slightly increased the participation rate by 0.2 pp, an effect that is statistically
significant (p-value = 0.047) but economically small (5.4% of the baseline rate).

36 A sample of the full survey instrument is attached as Appendix I.
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that they will find out on the next screen if they are selected. On the next screen, we
inform respondents whether they are chosen to receive feedback.

Step 3 (Elicit Posterior Belief): We re-elicit the guess they provided in Step 1, which
we do for all subjects, regardless of whether they received information. To avoid asking
the exact same question twice, we asked about their 2021 taxes (i.e., the most recent
year) instead of their 2020 taxes (i.e., the year prior to our intervention). To avoid subjects
making inferences based on the opportunity to re-elicit their guesses (e.g., subjects inferring
that we ask again only if their answer in Step 1 is incorrect), we explicitly inform them
that all survey participants have this opportunity, regardless of their initial guesses.

To learn about the causal effects of beliefs, it is critical to leverage information on prior
beliefs. When provided feedback during the information-provision experiment, individuals
who underestimate may update their beliefs upward, and those who overestimate may ad-
just their beliefs downward. Some individuals may have accurate priors and thus may not
make any updates. Whether an individual’s probability of protesting increases, decreases, or
remains the same should depend on the individual’s beliefs before receiving the information.
For this reason, we conducted the information-provision experiment within the survey instead
of providing the information in the letter to measure beliefs prior to information provision.

The survey also included a module with a second treatment arm where we provided
information about the “recapture share:” i.e., the share of school taxes from one’s school
district that are redistributed towards poor or from rich school districts. Because we found
out that we were underpowered to detect effects, we discuss the design and results related
to this second treatment arm in Appendix B. We cross-randomized subjects to receive up
to two pieces of information, with a 50% probability for each. Thus, roughly 25% of the
sample receives both pieces of information, 25% receives the school share information only,
25% receives the recapture share information only, and 25% receives no information at all.

These questions form the core of the survey. We also include a series of additional ques-
tions, including the intention to appeal, which serves as a secondary outcome. For descriptive
purposes, we include questions about the respondent’s gender, age, ethnicity, and education.
To provide complementary evidence, we include some additional questions that are described
in more detail below.

3.4 Implementation

We timed the intervention so that our letters would arrive early enough before the deadline to
appeal as required to influence the recipient’s decision. We created the letters on April 16th,
2021, as soon as the administrative data, including 2021 proposed values, became available.
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To accelerate delivery, we used a mailing company in Dallas County (i.e., the same county as
all recipients). The mailing company dropped off the letters at the local post office on April
20, 2021, and estimated that most would be delivered in the next couple of days. Consistent
with this projection, we received survey responses and visits to the study’s website starting
April 22nd, 2021.37 Survey responses were linked to each homeowner’s information from the
administrative records, including whether the subject protested directly or with the help of
an agent in any year from 2016 to 2020, property characteristics, home value, tax amount,
and school share.

Of the 78,128 households invited to the survey, 2,966 started the survey (i.e., completed
at least the first couple of questions), and 2,821 completed the two key modules (i.e., up to
the posterior belief on recapture). The implied response rate of 3.6% (= 2,821

78,128) is comparable
to the response rate of 3.7% from a previous study in the same context and using a similar
recruitment method (Nathan et al., 2023). Moreover, the response rate of 3.6% is on the same
order of magnitude as the response rate of surveys that use this recruitment method (4.7%,
as reported in Sinclair et al., 2012).38 Among respondents, the median time to complete the
survey was 11.2 minutes. At the end of the survey, we included an attention check similar
to that used in other studies (Bottan and Perez-Truglia, 2020), which 92.7% of respondents
successfully passed. This passing rate is relatively high for a survey study, especially given
that the attention check was located at the very end of the survey when fatigue was likely at
its highest.

Of the 2,821 survey responses, we dropped responses that, as explained in the RCT
pre-registration, could not be excluded ex-ante due to data availability. We dropped 36
responses from subjects who, according to the DCAD’s records, had already filed a protest
before starting our survey and 23 additional subjects who responded to the survey after the
deadline to file a protest, as the survey information could not have affected their decisions
to protest. We similarly dropped 185 subjects who, according to the DCAD’s records, had
already hired a tax agent before starting our survey (for more details, see Appendix A.2).

When studying perceptions through survey data, it is important to deal with outlier be-
liefs properly. Some individuals may provide wildly inaccurate guesses, not because they
genuinely hold such extreme beliefs, but because they misunderstand the question, make a
typo, or do not pay enough attention. The “information shocks” for these individuals can be
large but meaningless, which can induce substantial attenuation bias to the causal estimates.
37 Appendix A.3 contains more descriptive information about the sample of homeowners who answered the

survey, and Appendix A.5 contains more details about the timing of survey responses and discusses in
detail attrition rates and balance tests.

38 The 4.7% response rate corresponds to a mailing of a personally-addressed postcard inviting a household
to complete a web-based survey using a unique alphanumeric code.
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To reduce sensitivity to outliers, we follow standard practice in information-provision experi-
ments and drop respondents with the most extreme misperceptions in their prior beliefs (see
e.g., Fuster et al., 2022; Cullen and Perez-Truglia, 2022; Bottan and Perez-Truglia, 2020). For
the baseline specification, we use a conservative definition of outliers that drops 467 subjects
from the bottom 5% and top 5% of the distribution of prior misperceptions.39 After apply-
ing these filters, 2,110 respondents remain, constituting our main subject pool (an implied
2.7% net response rate). Since these exclusions are based on pre-treatment variables (e.g.,
prior beliefs), they should not compromise the validity of the experimental variation. As a
robustness check, we reproduce the analysis with less strict definitions of outliers. Finally, we
provide several sharp falsification tests to address any potential concerns about the internal
validity of the results, such as event-study analyses.

Panel (a) of Table 1 shows the average pre-treatment characteristics according to the
administrative records (e.g., home value, number of bedrooms). A comparison between
columns (1) and (2) shows that the households invited to the survey are largely similar to
the universe of households: for most characteristics, the differences are statistically significant
(due to the large sample sizes) but typically small in magnitude.40 The comparison between
columns (2) and (3) indicates that the households who responded to the survey are largely
similar to the sample of households who were invited to participate in the survey. There is
a key difference, however: relative to survey non-respondents, survey respondents are more
likely to have filed a protest in the recent past and also more likely to protest in 2021.41 This
is mainly by design, as we crafted the letter to attract the attention of households interested
in tax protests. As a result, subjects who were at least considering filing a protest in 2021
are more likely to pay attention to the letter and, thus, more likely to notice the survey link
included in the letter. Moreover, our letter promises instructions on how to file a protest as a
reward for participation, so it is natural that households who are considering filing a protest
would be more likely to participate in the survey.42 Indeed, this higher propensity to protest
among survey respondents is consistent with the results from Nathan et al. (2020), who use
a similar recruiting method to collect survey responses in this same context.

Prior to any adjustment resulting from protests, column (3) of Table 1 shows that the
average subject owns a home with an assessed market value of $349,988 and property taxes
of $7,738 (an average tax rate of 2.21%). Panel (b) of Table 1 reports descriptive statistics
based on information collected in the survey. The average respondent is 49.6 years old, 42.9%
39 For more details on the distribution of outlier observations, see Appendix A.6.
40 The households invited to the survey are not exactly representative of the universe of households because,

as explained above, we applied some filters and intentionally oversampled certain types of households.
41 Appendix A.3 presents more details of the differences between survey respondents and non-respondents.
42 Our instructions likely make it easier for survey respondents to file an appeal (Nathan et al., 2020).
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are women, 44.3% are White, and 38.3% have a college degree. Moreover, the proportion of
households with and without children who answered our survey, 25.5% and 74.5%, respec-
tively, approximately matches the proportion of families who have or do not have children in
Dallas County: 32.3% and 67.4%, respectively (Statistical Atlas, 2023).

Columns (4) through (7) of Table 1 break down the average characteristics in each of the
four treatment groups. All characteristics shown in Table 1 are determined pre-treatment
and thus should not be affected by the treatment assignment.43 Column (8) reports p-values
for the null hypothesis that the average characteristics are equal across the four treatment
groups. Table 1 shows that, consistent with successful random assignment, the observable
characteristics are balanced across treatment groups.44 Appendix A.5 presents alternative
versions of the randomization balance tests, such as breaking the sample down by households
with and without children. We also show that response rates to the survey and attrition
among participants are orthogonal to treatment assignment, which is expected given that
subjects can receive information treatments only after starting the survey.

3.5 Outcomes of Interest

As stated in the RCT pre-registration, the main outcome of interest is a dummy variable
indicating whether the household protested directly in 2021.45 To get a sense of the baseline
protest rate, we consider subjects in the control group (i.e., those not selected to receive any
feedback). Approximately 30.1% of these owners file a tax appeal in 2021. These tax protests
are consequential in that they often reduce the home’s assessed value. Indeed, we can use
the administrative records to measure whether the protests were consequential. For example,
in our sample, 65.4% of the protests lead to a decrease in the home’s assessed value – these
lower assessments can translate into tax savings in the current or future years.

For brevity, in the rest of the paper, we use the term “protest” as a shorthand for direct
protests by the homeowner, unless explicitly stated otherwise. Households also have the
option to hire an agent to file a protest on their behalf. In addition to 30.1% of owners who
protest directly, 4.8% protest through an agent. Although households can hire an agent to
protest on their behalf, we designed our experiment focusing on direct protests. Indeed, when
43 Some questions, such as the respondent’s gender, are asked after the information-provision stage. However,

treatment assignments should not affect these responses. For example, we do not expect information on
school spending to change responses regarding gender or educational level.

44 The difference is statistically significant for one of the variables (owner protest in 2020). Given the large
number of tests conducted, some differences may be statistically significant just by chance. To be safe and
follow best practices in field experiments (Athey and Imbens, 2017), we include this variable in the set of
control variables in all regressions.

45 Information on whether property owners protested their property taxes was downloaded from the DCAD
website for the last time on April 25, 2024.
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forming the subject pool to invite to the survey, we filtered out households whose owners
had protested through an agent in previous years. For completeness, we report the effects on
protests through agents, but we expect our intervention to have no effects on this margin.46

We included one question after the information-provision stage to serve as a secondary
outcome: We asked respondents if they plan to file a protest this year on a 4-point likelihood
scale. We construct an indicator variable that equals 100 if, at the end of the survey, the
subject responds “very likely” to the question on the likelihood to protest in 2021 and 0
otherwise. This outcome allows us to detect short-term effects on the intention to protest,
even if those effects do not materialize into actual protests. For reference, in the control
group, 45.4% report that they are very likely to protest. Most importantly, the stated
intention to protest is significantly correlated with whether the individual actually files a
protest. However, that correlation is far from perfect: the correlation coefficient is 0.410 in
the control group (p-value<0.001).47

4 Results

4.1 Average Treatment Effects

As an initial examination of the data, we report the average treatment effects of the infor-
mation separately for households with and without children. This approach should be taken
cautiously, as it does not account for heterogeneous belief updating, making it a less efficient
use of the data. However, its simplicity offers a natural starting point.

The results are presented in Figure 1, which reports both the raw mean difference between
treatment and control groups, as well as conditional on a set of baseline control variables.48

Panel (a) shows the average effects on the posterior belief about school share. This panel
46 We did not provide the information to the agents. And while the information provided to the homeowners

could potentially affect their decisions to hire or fire an agent, we think this is unlikely because of the
characteristics of the contracts between homeowners and agents in this setting (e.g., agents protests me-
chanically every year, homeowners need to submit a form to the county to remove an agent which creates
stickiness). Lastly, consistent with these institutional considerations, Nathan et al. (2020) show that their
mail intervention had large effects on direct protests but negligible effects on protests through agents.

47 Among respondents who report being very likely to protest, 56.8% end up protesting directly or through
an agent. Among respondents who do not report being very likely to protest, 16.8% end up protesting.

48 All the control variables are pre-treatment characteristics: the logarithm of total market value in 2021,
the growth in total market value between 2020 and 2021, an indicator for positive growth, an indicator of
whether the property value was re-evaluated in 2021, the 2021 estimated property taxes (in logs), a dummy
for homestead exemption in 2021, an indicator for a binding homestead cap in 2021, the household’s effective
tax rate, a dummy variable for multiple owners, a dummy variable for condos, the total living area, the
number of bedrooms, the number of full baths, the building age, a set of dummies for school districts,
the survey start date, and indicator variables for whether the household protested in each pre-treatment
period since 2016 (one set for direct protests and another set for protests through agents).
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shows that providing information has a positive and significant effect on the posterior belief
about school share by 10.9 pp (p-value<0.001) for households with children and by 10.6 pp for
households without children (p-value<0.001). Indeed, the difference between households with
and without children is statistically insignificant (p-value=0.823). This evidence suggests
that consistent with the results that we report in the next section, households typically
underestimate the share of school taxes.

In turn, Figure 1(b) shows the average effects on the probability of filing a tax appeal.
More precisely, the dependent variable is an indicator that equals 100 if the subject protested
directly in 2021 and 0 otherwise. This figure shows that the information on school share be-
liefs decreases the probability of filing a tax protest for households with children (by about
-4.77 pp), while it increases for households without children (by about 4.79 pp). For house-
holds with children, this average effect is statistically insignificant when estimated without
including control variables (p-value=0.230) but becomes statistically significant when includ-
ing the set of baseline controls (p-value=0.074). For households without children, this effect is
statistically significant, excluding and including controls (p-values of 0.039 and 0.011, respec-
tively). Moreover, the difference in the effects between households with and without children
is statistically significant in both specifications (p-values of 0.038 without controls and 0.005
with controls). These results provide preliminary evidence consistent with the reciprocal
motivation mechanism.

In the following section, we explore the experiment’s results in greater detail. First,
we document the initial misperceptions and further examine how individuals updated their
beliefs in response to the information. Second, we employ a 2SLS model to assess the causal
impact of these beliefs on the decision to file a tax appeal.

4.2 Accuracy of Prior Beliefs

Transparency and accountability efforts have made information about property taxes publicly
available. Each year, the Dallas Central Appraisal District (DCAD) provides homeowners in
Dallas County with a Notice of Appraised Value, which contains a detailed breakdown of the
household’s property taxes by tax jurisdiction, including the share of their property taxes
that funds public schools.49 But the ease of access to this information does not mean that
everyone searches for it or uses it. Many other contexts show that people often misperceive
49 See Appendix H for a sample of this notice, with the breakdown by tax jurisdiction shown on the second

page. The county uses the prior year’s jurisdictional tax rates to estimate taxes due in the Notice of
Appraised Value because the tax rates for the current year are set later in the year. In practice, tax rate
changes are uncommon, so approximation errors are typically negligible. In our study, we use the same
definition of estimated taxes because these are the relevant object of study and represent the subjects’ best
approximation when deciding whether to protest.
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easily accessible information, such as the official inflation rate (Cavallo et al., 2017) or recent
trends in national home prices (Bottan and Perez-Truglia, 2020).

Figure 2(a) illustrates the distribution of misperceptions about the school share for the
2,110 observations in the subject pool before the experimental treatment.50 The x-axis corre-
sponds to the difference between the actual school share (i.e., potential feedback) and respon-
dents’ perceptions. For brevity, we use the term feedback to refer to potential feedback. A
minority of subjects have accurate perceptions: more precisely, only 32.6% of subjects guess
the school share to be within ± 5 pp of the actual school share. Misperceptions are quite
large on average: the mean absolute error is 16.57 pp. The large degree of misperceptions
implies sufficient scope for the information provision experiment to shock beliefs. Another
interesting feature of prior beliefs is that the misperceptions show a systematic bias: on av-
erage, subjects underestimate the school share by 13.08 pp, as indicated by the mean error.
This systematic bias is quite noticeable in Figure 2(a), where more observations fall in the
right half of the histogram (corresponding to an underestimation) than in the left half (cor-
responding to an overestimation). It is important to note that households with children do
not have more accurate perceptions about the school share than households without children.
We discuss this in detail in Appendix A.6.

4.3 Belief Updating

We find that taxpayers update their inaccurate beliefs when provided with accurate feedback.
To model belief updating, we use a simple Bayesian model that has been shown to accurately
represent belief formation in other information-provision experiments on a wide range of
topics, such as inflation expectations (Cavallo et al., 2017), salary expectations (Cullen and
Perez-Truglia, 2022), and home price expectations (Fuster et al., 2022).

We use the subscript i to index the subjects. We use the variable sprior
i to represent

subject i’s belief about the school share right before the information-provision stage. We
use the variable sfeed

i to represent the value of the feedback about the school share that the
subject can potentially receive in the experiment. We define the variable T S

i as a binary
variable that equals 1 if subject i is selected to receive that information about the school
share and 0 if not. We define the variable spost

i as the posterior belief about the school share:
spost

i represents the perceived school share after the taxpayer sees or does not see the feedback.
An individual shown feedback will form her posterior belief (spost

i ) as the average of the
prior belief (sprior

i ) and the feedback (sfeed
i ), weighted by a parameter α that captures the

degree of learning. This parameter can range from 0 (individuals ignore the feedback) to 1
50 Appendix A.6 contains additional information for the entire survey sample without excluding any outliers.
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(individuals fully adjust to the feedback) and is a function of the relative precision of the
prior belief with respect to the precision of the feedback.51 This Bayesian updating model
can be summarized by the following linear relationship:

spost
i − sprior

i = α ·
(
sfeed

i − sprior
i

)
(1)

Intuitively, Bayesian learning predicts that, when shown feedback, respondents who over-
estimate the school share would revise their beliefs downward. In contrast, respondents who
underestimate the school share would revise their beliefs upward. Figure 2(b) estimates this
Bayesian learning model using a binned scatterplot. The x-axis corresponds to the gaps in
prior beliefs (sfeed

i − sprior
i ), and the y-axis corresponds to the belief updating (spost

i − sprior
i ).

The x-axis shows the maximum revision we would expect if the respondent fully reacted to
the information, and the y-axis shows the actual revision. In the case of no updating, the
observations should form a horizontal line; in the other extreme, under full updating, the
observations should form a 45-degree line. The red circles in Figure 2(b) correspond to the
subjects shown feedback about the school share. Consistent with significant updating, there
is a strong relationship between the updated beliefs and prior gaps: an additional percentage
point (pp) in the perception gap is associated with an actual revision of 0.809 pp higher.

The gray squares in Figure 2(b) correspond to subjects who do not receive information
about the school share. In the absence of feedback, these subjects should not update their
beliefs. However, in practice, individuals may revise their beliefs in the direction of the feed-
back for spurious reasons even when they do not receive feedback. For example, respondents
may reassess their answers or correct typos when asked a question a second time, leading
to an answer closer to the truth. The gray squares indicate a weak relationship between
belief updating and prior gaps in the group that was not shown the feedback: an additional
1 pp in the prior gap is associated with an actual revision of 0.052 pp higher. This effect is
statistically significant (p-value<0.001) but economically very small. This result is consistent
with other information-provision experiments that show evidence of spurious revisions (e.g.,
Fuster et al., 2022; Cullen and Perez-Truglia, 2022).

We can exploit the random assignment from the information-provision experiment to
control for spurious learning:

spost
i − sprior

i = τ + α ·
(
sfeed

i − sprior
i

)
· T S

i + β ·
(
sfeed

i − sprior
i

)
+ εi (2)

This regression forms the basis for the first stage of the 2SLS model. In this model,
51 In the typical model in the literature, the results assume a normal distribution of priors and feedback and

assume that the variance of the prior and the variance of the feedback are independent of the mean of the
prior. For more details, see Hoff (2009).
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parameter α represents true learning arising from the information provision, while param-
eter β captures spurious learning. The parameter α can be calculated from the estimates
in Figure 2(b). Specifically, the parameter α corresponds to the difference in the regression
slopes between subjects who receive feedback and those who do not. The estimated α is
large (0.757 = 0.809 − 0.052) and highly statistically significant (p-value<0.001). This dif-
ference suggests that a 1 pp information shock causes a change of 0.757 pp in the subject’s
posterior belief. This shows that, although subjects did not fully update to the feedback,
they were close to updating fully. This finding of imperfect updating is consistent with
other information-provision experiments, and it is likely due to some subjects mistrusting
the source of the feedback or simply not paying enough attention to the survey.52

4.4 Econometric Model

To measure the causal effect of posterior beliefs on the probability of filing an appeal, we
use the same econometric models used in other information-provision experiments (see e.g.,
Cullen and Perez-Truglia, 2022; Bottan and Perez-Truglia, 2022).53 Let P 2021

i be an indicator
variable equal to 100 for individuals filing a protest in 2021 (i.e., post-treatment) and 0
otherwise. Since the effects of school share are expected to be different for households with
and without children, let Ci ∈ {0, 1} be an indicator variable that equals 1 if the household
has a child enrolled in a local public school and 0 otherwise. Consider the following equation:

P 2021
i =β0 + βS

C · Ci · spost
i + βS

NC · (1− Ci) · spost
i + β1 · Ci + εi (3)

where εi is the usual error term. The two parameters of interest are βS
C and βS

NC . We expect
βS

C < 0 and βS
NC > 0, and βS

C − βS
NC < 0. Posterior beliefs (spost

i ) could be correlated with
a host of omitted variables. Therefore, we estimate equation (3) using a 2SLS model that
leverages the exogenous variation in posterior beliefs induced by the information-provision
experiment. More precisely, we estimate the following model:

P 2021
i =β0 + βS

C · Ci · spost
i + βS

NC · (1− Ci) · spost
i + β1 · Ci+

+ β2 · Ci · (sfeed
i − sprior

i ) + β3 · (1− Ci) · (sfeed
i − sprior

i ) +XiβX + εi

(4)

The endogenous variables are Ci · spost
i and (1−Ci) · spost

i , for which we use the excluded
52 Some additional results are presented in the Appendix. Appendix A.6 shows that the belief updating is

not different between households with and without children. Appendices A and B show that learning from
feedback is compartmentalized (i.e., subjects do not use the information about the school share to update
beliefs about the recapture share, or vice versa).

53 Since the two information treatments were cross-randomized within the same sample, we estimate all
effects simultaneously in a single 2SLS regression. For the sake of brevity, however, the econometric model
presented below only includes the terms corresponding to the school share arm.
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instruments Ci · T S
i · (s

feed
i − sprior

i ) and (1− Ci) · T S
i · (s

feed
i − sprior

i ).54

We can illustrate the intuition behind the model using a simple example. Consider a pair
of households with children that have the same bias about the school share: both underesti-
mate the actual school share by 20 pp. Suppose we randomly assign information about the
true school share to one of them. We expect that relative to the subject who does not get
the information, the subject who receives the information adjusts his or her perceived school
share upwards. For the sake of argument, assume that the subject who does not receive the
information continues to underestimate the actual school share by 20 pp and that the subject
who does receive the information reacts to it by underestimating the school share by just 10
pp. Therefore, the information provision is equivalent to a +10 pp shock to the perceived
school share. We can then check the behavior of this pair of households in the weeks after
they receive the information. For example, the +10 pp shock to the perceived school share
could translate to a lower probability of filing a protest. Assume that the +10 pp shock to
the belief causes a 2 pp drop in the probability of protesting. Combining these two results,
we obtain an estimate βS

C = −0.2. That is, each 1 pp increase in the perceived school share
reduces the probability of protesting by 0.2 pp.55

The term Xi in equation (4) corresponds to the same set of controls described in Section
4.1. In principle, the 2SLS model leverages experimental variation, so additional control
variables are not needed for causal identification. However, including additional control
variables can be helpful, for example, in reducing the variance of the error term and thus
improving the statistical precision (McKenzie, 2012).

4.5 2SLS Results

Table 2 shows the results from the 2SLS model and the corresponding reduced form and
first-stage models. Unlike Figure 1, which reports the average effects of being assigned to
the information treatment, estimates in Table 2 account for heterogeneous belief updating.
In panel (a) of Table 2, the dependent variable in column (1) is our main outcome variable:
protesting taxes directly in 2021. According to the conceptual framework, the difference
in the effects of school share between households with children and without children should
be negative. Consistent with this prediction, the difference between the coefficients with
54 Note that equation (4) controls for the prior gaps in beliefs (Ci ·(sfeed

i −sprior
i )) and (1−Ci)·(sfeed

i −sprior
i )).

The inclusion of these control variables ensures that the excluded instruments isolate the information shocks
that are driven purely by the random assignment of the feedback (T S

i ).
55 As is typical in 2SLS models, if treatment effects are heterogeneous, the model estimates the local average

treatment effects of beliefs (Imbens and Angrist, 1994). In our context, it would mean that the treatment
effects would put more weight on the individuals who updated their beliefs the most in response to the
information.
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and without children is negative (-0.687), large in magnitude, and statistically significant
(p-value=0.007). Similarly, we expect that an increase in the perceived school share should
decrease the probability of protesting for households with children but should have the op-
posite effect for households without children.56 The results are also consistent with these
predictions: the coefficient for households with children is negative (-0.409) and statistically
significant (p-value=0.062), while the coefficient for households without children is positive
(0.278) and statistically significant (p-value=0.031).

These coefficients in column (1) of Table 2(a) are not only statistically significant but also
economically large. As a thought experiment, consider what would happen if the perceived
school share increases by 10 pp – for reference, this is roughly the magnitude of the average
update in beliefs due to the information shock. The estimates indicate that this change would
cause a decrease of 4.09 pp (= 0.409 · 10) in the probability of filing a protest for households
with children and an increase of 2.78 pp (= 0.278 · 10) in the probability of protesting for
households without children. These effects would be roughly equivalent to 12.1% and 9.6%
of the baseline protest rates (33.86 pp and 28.83 pp, reported in the lower rows of Table 3).

To further illustrate the magnitude of these effects, we can convert them into a money
metric. We take advantage of the estimates from Nathan et al. (2020). Using a regression
kink design, they estimate that an increase of $100 in the expected tax savings causes an
increase of 2.14 pp in the probability of protesting. We can compare the effects of 4.09 pp
(for households with children) and 2.78 pp (for households without children) against that
benchmark. For households with children, the effect of 4.09 pp would be equivalent to an
effect of -$191 on the expected tax savings (= 4.09·100

2.14 ). For households without children,
the 2.78 pp effect on the protest probability would be equivalent to an effect of $130 on the
expected tax savings (= 2.78·100

2.14 ).
Column (1) of Table 2(b) presents the reduced form specification, i.e., an OLS regression of

the outcome of interest on the instrumental variable. Due to the strong first stage (i.e., strong
belief updating), the reduced-form estimates are statistically significant and qualitatively
similar to the baseline 2SLS estimates. The coefficients are a bit smaller in the reduced form
specification than in the 2SLS specification (e.g., -0.296 versus -0.409 for households with
children, or 0.224 versus 0.278 for households without children), which is expected since the
first stage results, presented in panel (c) of Table 2, show that homeowners did not fully
update their beliefs incorporating the information provided in the treatment. Besides the
expected difference in magnitude, the reduced-form coefficients are consistent with the 2SLS
results in both direction and statistical significance.
56 The negative effect for households with children is based on the additional assumption that these households

prefer school expenditure over non-school expenditure – for more details, see Appendix C.1.
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The 2SLS model used in our preferred specification, reported in panel (a) of Table 2,
assumes a linear relationship between school share and the probability of protesting. This
means that a 1 pp increase in the perceived school share should have the same effect on
the probability of protesting regardless of whether we start at a low or a high value of the
prior belief. This is a natural starting point because of its simplicity and because it is a
common specification in the literature on information-provision experiments. Reduced form
estimates are also useful to probe this linearity assumption. Figure 3(b) presents a binned
scatterplot representation of the reduced-form effects of the information provision experiment.
The x-axis corresponds to the interaction between the information disclosure and the prior
gap (i.e., the excluded instrument). The y-axis corresponds to the probability of protesting
in 2021. This binned scatterplot includes all the same control variables used in the 2SLS
model. Figure 3(b) tries to assess whether the relationship between the interaction term on
the horizontal axis and the protest probability on the vertical axis is linear, and the figure
shows that a linear fit is a reasonable functional form assumption for this context. In other
words, an additional percentage point in the school feedback treatment seems to have the
same incremental effect on the probability of protesting, regardless of whether we start from
a prior belief that is somewhat below or somewhat above the accurate feedback.57 Further,
this figure shows that outliers do not drive the regression results discussed above.

Column (2) of Table 2 is identical to column (1), except that it uses a different dependent
variable: an indicator variable that equals 100 if, at the end of the survey, the subject responds
“very likely” to the question on the likelihood of protesting in 2021 and 0 otherwise. This
outcome measures the intention to protest and allows us to measure whether the effects of
the information lead to an intention to protest immediately after the information is provided.
As discussed above, the correlation between the intention to protest and the actual protests
is far from perfect, so the effects should not be expected to be “mechanically” the same across
these two outcome variables. The results from column (2) of Table 2 for the stated intention
to protest are consistent with the results from actual protests in column (1). In column
(2), the coefficient for households with children in panel (a) is negative (-0.408) and similar
in magnitude to the corresponding coefficient from column (1) and statistically significant
(p-value=0.080). The coefficient for households without children is positive (0.269), on the
same order of magnitude as the coefficient from column (1), and statistically significant (p-
value=0.062). The difference between the coefficients for households with children versus
those without children (-0.408 and 0.269) is statistically significant (p-value=0.014). The
estimated effects in panels (b) and (c) of column (2) are also consistent with the corresponding
57 To test the linearity of this relationship, we estimated a model including a quadratic term, which turned

out to be statistically insignificant.
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coefficients in column (1).
In Table 3, we present some additional results and robustness checks. For reference,

columns (1) and (2) present the results from the baseline specification, corresponding to
columns (1) and (2) from panel (a) of Table 2. A concern when using 2SLS estimation is
the potential for weak instruments (Stock et al., 2002). Given the strong belief updating
documented in Section 4.3, weak instruments should not be a concern in our setting. Nev-
ertheless, we computed the Cragg-Donald F-statistic, which is commonly used to diagnose
weak instruments. The F-statistics reported in columns (1) and (2) of Table 2, of 30.10 and
30.22, are substantially above the rule of thumb of F > 10 proposed by Stock et al. (2002).

As explained in Section 3.5, it is highly unlikely that the information provided in our
survey would affect protests through an agent. Nevertheless, in column (3) of Table 3, we
report the results of protests through agents for completeness. In this column, we report
estimates from the same regression from column (1) but using protests conducted by agents
as the dependent variable. As expected, the coefficients from column (3) are close to zero
(-0.015 and -0.030) for both households with and without children, precisely estimated with
standard errors smaller than in column (1), and statistically insignificant (p-values of 0.906
and 0.566). The difference between the coefficients for households with and without children
is close to zero (0.044), precisely estimated, and statistically insignificant (p-value=0.743).

Column (4) of Table 3 provides a falsification test. In this column, we exploit the timing
of the information intervention in an event-study fashion. Specifically, we estimate the same
baseline regression from column (1), except that we use the protest decision in a pre-treatment
year (2020) rather than in the post-treatment year (2021) as the dependent variable. Intu-
itively, since the information was provided in 2021, it could not possibly affect the decision
to protest a year earlier (2020). We, therefore, expect the coefficients from this falsification
exercise to be close to zero and statistically insignificant. The results reported in column
(4) confirm our expectations. The estimated effects are close to zero (0.110 and -0.065, for
households with and without children, respectively), precisely estimated with standard errors
smaller than in column (1), and statistically insignificant (p-values of 0.545 and 0.504); the
difference between households with children and without children is also close to zero (0.175)
and statistically insignificant (p-value=0.398). Indeed, we can extend this same falsification
test to other pre-treatment years for which we have readily available data. For ease of expo-
sition, the results are presented in a graphical form in Figure 3(a). The x-axis denotes the
year of the dependent variable (i.e., whether the owner protests directly in the years 2016
through 2021). This figure focuses on the main result, which corresponds to the difference in
coefficients between households with children versus without children. For example, the 2020
coefficient from Figure 3(a), which takes the value 0.175, corresponds to the coefficient from
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column (4) of Table 3. As expected, for each pre-treatment year (2016–2020), the coefficients
are close to zero and statistically insignificant; by contrast, the coefficient is negative and
statistically significant in the post-treatment year (2021).

The main focus of our paper is whether the beliefs about government spending affect
the household’s decision to file a tax appeal insofar as that choice reveals the willingness to
pay taxes. However, in some contexts, it may also be helpful to know whether the protests
induced or dissuaded by our treatment were consequential, for example, by changing the
home’s assessed value. To explore that additional hypothesis, columns (5) through (7) focus
on downstream outcomes. In column (5) of Table 3, we measure the effects on the probability
of a successful protest. More precisely, the dependent variable takes the value of 100 if the
subject protested directly in 2021 and the protest resulted in a reduction of the assessed
home value, and 0 otherwise (i.e., either if the owner did not protest or if the owner protest
was not successful). The coefficients reported in column (5) are similar to (and statistically
indistinguishable from) those in column (1). This similarity suggests that the marginal
protests induced by the treatment were largely successful in changing the assessed market
value and that the marginal protests dissuaded by the treatment would have been largely
successful too. Column (6) illustrates the same result but uses an alternative outcome equal
to the percent change in the assessed home value due to the direct protest.58 The coefficients
reported in column (6) are not directly comparable in magnitude to those reported in column
(1) because the scale of the outcome is substantially different: e.g., the mean outcome of the
percent change in the assessed market value for the reference group is 1.13 for household with
children whereas for the direct protest variable is 33.86. However, in terms of the direction
of the effects and their statistical significance, the conclusions are the same. Column (7) uses
a third measure of success, equal to the estimated percent change in the tax liability due to
the direct protest. The effects on tax savings in the first year go in the expected direction
but are more muted and statistically insignificant. The tax savings during the first year were
small because the homestead cap was binding for a significant fraction of the households in
our sample.59 However, the reduction in assessed home values should eventually be reflected
in tax savings during subsequent years since it caps future increases in appraised values.

Finally, columns (8) and (9) of Table 3 present estimates on outcomes that incorporate
data from the two years after the intervention: 2022 and 2023. Estimating effects on an
extended post-treatment period aims to test whether the treatment induces new protests
or simply changes their timing and whether treatment effects carry over a more extended
period. In column (8) of Table 3, the dependent variable takes the value 100 (200, 300) if
58 Consistent with the definition used in column (5), this variable takes the value of 0 either when the subject

did not protest or in cases where the protest was unsuccessful.
59 See Nathan et al. (2020) for a detailed explanation of how the homestead cap works.
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the subject protested directly once (twice, three times) in the years 2021, 2022, and 2023,
and 0 if the subject did not protest at all. In column (9), we use an indicator variable
that takes the value 100 if the individual protested at least once during that period and 0
otherwise. If our treatment in 2021 only changed the timing of protests, but not the decision
to protest or not, we should not observe any effects on these two longer-term outcomes.
Estimates reported in columns (8) and (9) show statistically significant effects that align
with our baseline specification and thus rule out that effects are explained only by changes
in the timing of protests. Furthermore, when considering the total number of protests for
households with children (column (8)), the effect is twice as large (-0.856 vs. -0.409), and the
same is observed for the difference between the two types of households. This suggests that
not only did the information change the protests in 2021, but the effects may have spilled
over to subsequent years too.60

4.6 Robustness Checks and Additional Results

Table 4 presents additional robustness checks. In panel (a), we report estimates using the
direct protest in 2021 as the outcome variable, whereas, in panel (b), we use the intention
to protest variable. Estimates reported in column (1) replicate our baseline specification for
reference. Column (2) is identical to the baseline specification but includes additional control
variables measured in the survey.61 On the other hand, column (3) presents results from a
specification that does not include any control variables. In both cases, the results are similar
in direction, size, and statistical significance compared to the preferred specification.

Columns (4) and (5) of Table 4 analyze the robustness of our results to less stringent
definitions of outliers for prior beliefs. While in the baseline specification we exclude the top
and bottom 5%, in column (4) we exclude the top and bottom 2.5% and in column (5) we
exclude the top and bottom 1%. The results are similar to those of the baseline specification
in column (1), although slightly smaller in magnitude. These results are consistent with the
arguments in Section 3.4 that we should be cautious when including extreme misperceptions
because they probably reflect a lack of attention or mistakes rather than legitimate mis-
perceptions. To explore this further, column (6) excludes respondents who do not pass the
attention check included at the end of the survey. Consistent with the attention argument,
the coefficients are slightly larger when we focus on subjects who pass the attention check.
60 Additional results using the extended post-treatment period data are reported in Appendix A.7.
61 The additional control variables included are: respondent’s age, a dummy for individuals that self-identify

as White, a dummy for gender, a dummy for college degree, and a dummy for political party (which equals
1 for individuals who self-identify as Democrat). These variables are measured at the end of the survey, but
some respondents did not finish the entire survey. Including these additional controls reduces the number
of observations, which is the main reason why we exclude these variables from the set of baseline controls.
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To partially address potential sample selection, in columns (7) and (8) of Table 4, we use
inverse probability weights to re-weight the observations in the subject pool to match the
letter sample and universe sample, respectively. The results are similar to the baseline re-
sults. For example, in the baseline estimates, the treatment effects for the difference between
households with children and without children are -0.687 and -0.678 for the protest probabil-
ity and the intention to protest, respectively. The estimates when re-weighting to match the
letter sample (universe sample) are -0.614 and -0.799 (-0.610 and -0.738), respectively.62

Some additional results and robustness checks are presented in the Appendix. In the
baseline specification, the category households without children combines a strong majority of
households that do not have children with a smaller fraction that has children but sends them
to private school, charter school or home-school. The rationale for this specification is that
none of these households benefit from school expenditures financed by their property taxes.
However, in theory, there could be meaningful differences between these sub-groups. For
instance, households who send their children to charter schools may react differently because
even though they do not benefit from the local school taxes, they do benefit from public
education financed by state-level and federal-level taxes. For that reason, in Appendix A.7,
we report results for a more detailed breakdown of households (i.e., children in public schools
vs. no children vs. children not in public schools), and we show that the main findings are
consistent. Appendix A.7 also reports estimates from alternative specifications, excluding
all variables related to the recapture treatment, event studies for downstream outcomes,
and additional year-by-year estimates for the extended post-treatment period (2021-2023).
Appendix A.8 uses as dependent variables other questions included after the information
provision stage.

Lastly, Appendix A.9 shows results from a forecast prediction survey that we conducted to
assess whether the experimental results are surprising.63 Specifically, we elicited predictions
from 56 experts with publications on related topics about the effect of a 10 pp shock to the
belief about the school share, for households with and without children. The results from
this exercise suggest that our experimental findings are not obvious to the sample of experts,
and only a minority of the experts predict effects close to the experimental estimates.

4.7 Non-Experimental Evidence

We present non-experimental evidence that complements the experimental evidence presented
above. Our survey asked respondents to choose between hypothetical policies in the spirit of
62 The separate effects for households with children and without children have larger standard errors but are

consistent in sign and magnitude with the baseline results.
63 The survey instrument used for the forecasting prediction survey is replicated in Appendix J.
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Weinzierl (2014) and Saez and Stantcheva (2016). More precisely, we present the respondent
with a hypothetical situation in which two households (A and B) own homes worth $200,000
each. Both households are identical, except that household A has two children enrolled
in the public school district, and household B has no children enrolled in the public school
district. The respondent must levy a total tax of $8,000, which can be spread between the two
households in any way (e.g., assign all the burden to household A, all the burden to household
B, or anything in the middle). According to the hypothesis of reciprocal motivation, the
respondents should want the household with children to pay more taxes than the household
without children because the former benefits more from this government service. Consistent
with this prediction, most (58.8%) respondents assign a higher tax burden to the household
with children even though both homes are worth the same.64 This evidence suggests that the
logic of reciprocal motivation resonates with most taxpayers.

5 Conclusions

We conducted a natural field experiment to examine the reciprocal motivation hypothesis:
Are households more willing to pay taxes if they believe they benefit from government spend-
ing? We leverage the fact that households have significant misperceptions about how their
tax dollars are allocated. We designed a field experiment to induce exogenous changes in
households’ perceptions by providing households with information on the destination of their
tax dollars. The results reveal that perceptions about where tax dollars go significantly
influence the likelihood of filing a tax appeal in the direction predicted by the reciprocal
motivation channel. Specifically, when households with children enrolled in public schools
learned that a larger portion of their taxes supports local schools, they were less inclined to
file tax appeals, indicating an increased willingness to pay due to greater perceived personal
benefit. In contrast, households without children were more likely to protest their taxes after
learning the same information, as they perceived less personal benefit. These effects are both
statistically significant and economically meaningful, highlighting the impact of perceptions
of government spending on tax compliance.

Our evidence contributes to understanding why some individuals are more willing to pay
taxes than others and why tax compliance varies across countries. It has been documented
that nations with the most effective government services, such as the Scandinavian countries,
also exhibit the highest levels of tax morale (Kleven, 2014). The concept of reciprocal mo-
tivation offers a natural explanation for this correlation: better government services cause
taxpayers to be more willing to pay their taxes. Moreover, this reciprocal mechanism can lead
64 For more details, see Appendix A.8.
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to self-reinforcing cycles. For example, if taxpayers develop a negative bias about how much
they benefit from their tax dollars, they may become less inclined to comply with their tax
obligations. This reduced compliance can lead to lower government revenue and diminished
services, turning the initial bias into a self-fulfilling prophecy. Investigating these implica-
tions, both theoretically and empirically, remains an important avenue for future research.

Our results stress the challenges of public communication policies. First, we document
large misperceptions about government spending, even when such information is publicly
available. For governments interested in educating their citizens on how tax dollars are
spent, they should do more than post information on a website. Additionally, governments
may want to simplify the connection between the taxes they collect and the government
services they support. In fact, local governments in the United States are already doing
this by breaking down property taxes into specific components, such as the school tax and
the hospital tax. Even in the simple context of property taxes, however, we still find that
taxpayers have large misperceptions about how their tax dollars are spent. In the case of state
and federal governments, tax dollars follow a complicated path from taxpayers’ pockets to the
provision of public services. As a result, there is probably much more room for improvement
in how the state and federal governments communicate with their taxpayers.

Our experimental intervention was designed to disentangle causal mechanisms, not to
increase average tax compliance. Nevertheless, our findings provide hints for policymakers
looking to improve tax compliance. Our results underscore the challenges and limitations
of transparency policies and information campaigns. For example, a message highlighting a
government service (e.g., public schools) can boost tax compliance among individuals who
benefit most from that service (e.g., households with children). However, it can reduce
compliance from taxpayers who do not benefit from that service (e.g., households without
children). As a result, these effects may cancel each other out, resulting in a null average effect
on tax compliance. In some cases, this approach may even backfire. Our findings suggest
that governments may be able to use reciprocal motives to boost average tax compliance, but
only if they are willing to target information (e.g., informing households with children about
public school spending). Also, governments could try to persuade taxpayers that their tax
dollars are spent efficiently or that their tax payments are not captured by corrupt politicians
or wasted by bureaucrats. To the extent that these messages raise the average taxpayers’
perceptions that their tax dollars are well-spent, they also may lead to higher overall tax
compliance.
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Figure 1: Average Treatment Effects of School Feedback
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Notes: This figure illustrates the average treatment effects of the school feedback treatment. Results are based on 538 households with
children and 1,572 households without children. Panel (a) reports the mean of the school share posterior by treatment group, separately
for households with and without children. Grey bars represent the average school share posterior for the group that did not receive the
school feedback treatment, while red bars represent the average school share posterior for the group that did receive it. In addition,
we report: (1) the difference in raw means between the treatment and the control group (∆C , and ∆NC), (2) the difference in means
conditional on the covariates included in the baseline specification (∆C |X and ∆NC |X), (3) the corresponding p-value of the equality
of means test for treated versus control groups within each household type, and (4) the p-value corresponding to the comparison of
these differences between household types (i.e., a double-difference test). Panel (b) replicates the analysis but uses the probability of
protesting as the dependent variable.
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Figure 2: Perceptions about the Share of Property Taxes Going to Public Schools

(a) Gap in Prior Beliefs (b) Belief Updating
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Notes: Panel (a) shows the gap in prior beliefs about the school share. The x-axis reports the difference between the actual school share and
respondents’ prior beliefs about the school share in 10 pp-width bins. The y-axis reports the percentage of survey respondents in each bin.
The upper left corner reports the total number of observations, the mean error, and the mean absolute error. Panel (b) shows how respondents
update their beliefs using a binned scatterplot (using ten bins corresponding to each decile of the School Share Belief Gap). The x-axis reports
the difference between the actual school share and respondents’ prior beliefs about the school share. The y-axis reports the difference between
posterior and prior beliefs (i.e., belief updating). Red circles (gray squares) represent the average update within each bin for the group of
homeowners that were selected (were not selected) into the school share treatment. Each line corresponds to the fitted values from separate
OLS regressions where the dependent variable is the actual update and the independent variable is the school share belief gap. The coefficients
associated with the gap variable are reported in the upper left corner, as well as their robust standard errors (in parentheses), the p-value of
the difference in the slopes, and the number of observations included in the analysis.
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Figure 3: The Effects of School Share Perceptions on Protests: Additional Robustness Checks

(a) Event-Study Analysis (b) Binned Scatterplot (Reduced Form)
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Notes: Panel (a) reports an event-study analysis of the differential effects of school share beliefs on the probability of protesting for households
with children versus without children. The estimates plotted in this figure correspond with the 2SLS point estimate based on equation (4), with
90% confidence intervals based on robust standard errors. The coefficient plotted for 2021 is the coefficient reported in the “difference” row of
panel (a), column (1) of Table 3. The remaining coefficients come from similar regressions but using the outcomes in pre-treatment years as
falsification tests and restricting the pre-treatment controls to the corresponding years. The vertical dashed line separates the post-treatment
year (2021) from the pre-treatment years (2016-2020). Panel (b) depicts a scatterplot representation of the reduced-form effect for households
with and without children separately, using red circles and gray squares respectively and 10 equally-sized bins. The x-axis corresponds to the
interaction between the prior school share belief gap (defined as the difference between the actual school share and the prior belief about
the school share) and a dummy variable that indicates if the homeowner was selected into the school share treatment group. The y-axis
corresponds to the probability of a direct protest in 2021. Each line corresponds to a separate OLS binned scatterplot regression, including
the same control variables used in the 2SLS specification. Control variables for the protest history depend on the year in which the outcome
is measured. For instance, if the outcome corresponds to the protest in 2019, the protest history controls include protests in 2016, 2017, and
2018; and so on. The coefficients reported in the lower left corner and their (robust) standard errors are based on a unique regression that
interacts the key variables with a dummy for having children at school (for the results in table form, see Table 2). In addition we report the
p-value of the difference in the effect for the two groups and the number of observations used in the estimation.
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Table 1: Balance of Households’ Characteristics across Treatment Groups

Treatment Arm

Universe
(1)

Letter Sample
(2)

Subject Pool
(3)

No Feedback
(4)

Recapture
Feedback

(5)

School
Feedback

(6)

Both
Feedback

(7)
p-value test

(8)

Panel (a): Admin. Records Variables
2021 Home Value ($1,000) 327.688 359.145 349.988 365.355 330.631 365.198 340.088 0.163

(0.651) (1.632) (6.774) (14.907) (10.302) (16.461) (12.037)
2021 Property Tax Amount ($1,000s) 6.372 7.645 7.738 8.018 7.448 7.960 7.546 0.292

(0.013) (0.028) (0.129) (0.296) (0.218) (0.287) (0.228)
School Share (%) 49.777 50.600 50.726 50.603 50.566 50.701 51.029 0.140

(0.017) (0.016) (0.079) (0.155) (0.160) (0.155) (0.158)
Recapture Share (%) -1.957 1.227 1.622 1.852 1.054 2.505 1.130 0.351

(0.021) (0.068) (0.325) (0.678) (0.633) (0.672) (0.622)
2020 Owner Protested (%) 7.969 8.832 18.057 23.121 14.815 19.883 14.684 0.000

(0.043) (0.102) (0.838) (1.852) (1.530) (1.764) (1.527)
2020 Agent Protested (%) 8.059 6.322 1.659 1.156 2.407 1.754 1.301 0.375

(0.043) (0.087) (0.278) (0.470) (0.660) (0.580) (0.489)
2019 Owner Protested (%) 6.055 6.587 13.365 15.029 10.926 14.035 13.569 0.238

(0.038) (0.089) (0.741) (1.570) (1.344) (1.535) (1.478)
2018 Owner Protested (%) 5.788 6.443 13.460 13.680 12.407 14.815 13.011 0.697

(0.037) (0.088) (0.743) (1.510) (1.420) (1.570) (1.452)
2017 Owner Protested (%) 5.589 5.674 10.853 11.561 11.111 11.891 8.922 0.400

(0.036) (0.083) (0.677) (1.405) (1.354) (1.430) (1.230)
2016 Owner Protested (%) 4.412 4.623 7.773 8.478 6.667 8.187 7.807 0.705

(0.032) (0.075) (0.583) (1.224) (1.074) (1.212) (1.158)
Multiple Owners (%) 22.173 23.886 24.645 22.929 24.444 25.146 26.022 0.693

(0.066) (0.153) (0.938) (1.847) (1.851) (1.917) (1.893)
Living Area (1,000s Sq. Feet) 2.048 2.182 2.313 2.317 2.302 2.331 2.302 0.959

(0.002) (0.004) (0.022) (0.046) (0.042) (0.046) (0.040)
Number of Bedrooms 3.119 3.345 3.428 3.432 3.398 3.423 3.459 0.609

(0.001) (0.003) (0.016) (0.032) (0.033) (0.034) (0.031)
Number of Baths 2.062 2.171 2.273 2.274 2.272 2.292 2.253 0.883

(0.001) (0.003) (0.017) (0.034) (0.033) (0.039) (0.032)
Panel (b): Survey Variables
With Children (%) 25.498 24.470 25.370 26.316 25.836 0.918

(0.949) (1.889) (1.874) (1.946) (1.889)
Female (%) 42.898 44.922 43.774 40.990 41.887 0.574

(1.086) (2.200) (2.157) (2.191) (2.145)
Age 49.608 49.711 49.381 50.438 48.945 0.146

(0.234) (0.470) (0.481) (0.461) (0.460)
Race: White (%) 44.300 44.727 47.818 44.422 40.265 0.103

(1.092) (2.200) (2.178) (2.220) (2.134)
Education: Grad. Degree (%) 38.309 39.844 37.761 38.446 37.240 0.841

(1.069) (2.166) (2.114) (2.173) (2.104)
Prior Belief: School Share (%) 37.642 37.741 37.186 37.935 37.726 0.918

(0.394) (0.804) (0.760) (0.790) (0.800)
Prior Belief: Recapture Share (%) 1.910 1.799 1.372 2.945 1.570 0.216

(0.287) (0.632) (0.505) (0.593) (0.564)
Observations 400,193 78,128 2,110 519 540 513 538

Notes: Average pre-treatment characteristics of homeowners’ properties disaggregated by sample. Column (1) corre-
sponds to the universe of non-commercial, owner-occupied residences that pay property taxes. Column (2) corresponds
to homeowners that were selected to receive a letter with the invitation to answer the survey. Column (3) corresponds
to homeowners that answered the survey and belong to the subject pool used in our preferred specifications for the main
analysis. Column (4) is based on homeowners who were not selected to receive any information (control group). Column
(5) is based on homeowners selected to receive information on the recapture share only. Column (6) is based on home-
owners selected to receive information on the school share only. Column (7) is based on homeowners selected to receive
information on both the school share and the recapture share. Column (8) reports the p-value of a test of equal means
across the four treatment groups. Standard errors are reported in parentheses. The statistics in panel (a) are based on
administrative records available on the DCAD’s website. The statistics in panel (b) are based on survey responses.
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Table 2: Main Results: 2SLS, Reduced-Form, and First-Stage

(1) (2)
P2021

D I2021

a. Effect of School Share (2SLS)
With Children -0.409* -0.408*

(0.219) (0.234)
Without Children 0.278** 0.269*

(0.129) (0.144)
(Difference Children - No Children) -0.687*** -0.678**

(0.255) (0.275)
P2021

D I2021

b. Effect of School Share Belief Gap * Dummy Feedback School Shown (Reduced Form)
With Children -0.296* -0.288*

(0.159) (0.172)
Without Children 0.224** 0.217*

(0.105) (0.117)
(Difference Children - No Children) -0.520*** -0.506**

(0.191) (0.208)
spost spost

c. Effect of School Share Belief Gap * Dummy Feedback School Shown (First Stage)
With Children 0.736*** 0.741***

(0.044) (0.044)
Without Children 0.808*** 0.805***

(0.026) (0.026)
(Difference Children - No Children) -0.072 -0.064

(0.051) (0.051)

Mean Outcome (Baseline)
With Children 33.86 47.20
Without Children 28.83 44.87

Observation 2,110 2,090

Notes: Significant at *10%, **5%, ***1%. Robust standard errors in parentheses. This table shows the 2SLS reduced form,
and first-stage estimates corresponding to the school share treatment effect. We present the coefficients for households
with children and households without children separately, as well as the difference between these two types of households.
In panel (a), the dependent variable in column (1) is an indicator variable that takes the value 100 if the subject protested
directly in 2021. The dependent variable in column (2) is an indicator variable that takes the value 100 if the subject
answered “very likely” to the question on the likelihood of protesting in 2021. Reported estimates are based on the
2SLS econometric model given by model 4 and discussed in Section 4.4. Panel (b) reports the reduced form effects,
i.e., it represents the effect of the information included in the feedback message with respect to the prior beliefs without
considering how much subjects actually learn from the experiment. In this case, the dependent variables are the same
as in panel (a). Finally, the first-stage estimates are reported in panel (c). Estimates in this panel use the school share
posterior as the dependent variable and the reported coefficients can be interpreted as the percentage point update in
school share posteriors per percentage point of prior school share misperception. Estimates reported in panels (b) and
(c) are based on OLS regressions and use the same set of control variables discussed in Section 4.4. Mean outcomes at
baseline correspond to subjects who did not receive feedback about the school share nor the recapture share.
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Table 3: 2SLS Estimates: Additional Results

P2021
D

(1)
I2021

(2)
P2021

A

(3)
P2020

D

(4)
P 2021

D,won

(5)
∆MV 2021

(6)
∆T 2021

(7)
#P 2021−2023

D

(8)
Any2021,2023

D

(9)
Effects of School Share:

With Children -0.409* -0.408* 0.015 0.110 -0.450** -0.047** -0.011 -0.856** -0.439*
(0.219) (0.234) (0.123) (0.181) (0.190) (0.021) (0.012) (0.430) (0.242)

Without Children 0.278** 0.269* -0.030 -0.065 0.136 0.005 0.003 0.294 0.144
(0.129) (0.144) (0.051) (0.097) (0.111) (0.009) (0.007) (0.234) (0.140)

Difference (Children - No Children) -0.687*** -0.678** 0.044 0.175 -0.586*** -0.052** -0.014 -1.150** -0.583**
(0.255) (0.275) (0.134) (0.207) (0.220) (0.022) (0.014) (0.493) (0.280)

Cragg-Donald F-Statistic 30.10 30.22 30.10 30.02 30.10 30.10 30.10 30.10 30.10
Mean Outcome (Baseline):
With Children 33.86 47.20 7.09 25.98 20.47 1.13 0.84 74.80 47.24
Without Children 28.83 44.87 4.08 22.19 19.39 1.66 1.04 66.33 45.41

Observations 2,110 2,090 2,110 2,110 2,110 2,110 2,110 2,110 2,110

Notes: Significant at *10%, **5%, ***1%. Robust standard errors in parentheses. This table reports 2SLS estimates of
equation (4) discussed in Section 4.4. corresponding to the school share treatment effect. We present the coefficients for
households with children and households without children, as well as the difference between these two types of households.
The dependent variable in column (1) is an indicator variable that takes the value 100 if the subject protested directly
in 2021, and 0 otherwise. The dependent variable in column (2) is an indicator variable that takes the value 100 if the
subject answered “very likely” to the question on the subject’s protest likelihood in 2021 (“Do you intend to protest this
year?”). The dependent variable in column (3) corresponds to an indicator variable that takes the value 100 if the subject
used an agent to protest in 2021, whereas in column (4) corresponds to an indicator variable that takes the value 100 if
the subject protested directly in 2020. In Column (5), the dependent variable is an indicator that takes the value of 100
if the protest by the owner was successful, and 0 otherwise. Column (6) reports the effects on the market value savings
from protesting. Negative estimates indicate that post-protest market values are higher. Column (7) uses savings in
post-protest estimated tax liabilities as the dependent variable. Again, negative values indicate that post-protest taxes
are higher. The dependent variables in columns (8) and (9) consider the protesting behavior in the 2021-2023 period. In
column (8), the dependent variable is the total number of protests in 2021-2023 (multiplied by 100 to make it comparable
to estimates in column (1). In column (9), the dependent variable is an indicator that takes the value 100 if the subject
protested directly in 2021, 2022, or 2023. Mean outcomes at baseline are computed using the group of subjects who did
not receive feedback about the school share nor recapture share (the control group).
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Table 4: 2SLS Estimates: Robustness Checks

Dependent Variable: P 2021
D

(1) (2) (3) (4) (5) (6) (7) (8)
a. Effects of School Share on P 2021

D

With Children -0.409* -0.473** -0.336 -0.364* -0.252 -0.413* -0.384 -0.556*
(0.219) (0.224) (0.231) (0.189) (0.167) (0.236) (0.248) (0.325)

Without Children 0.278** 0.286** 0.292** 0.196* 0.198* 0.303** 0.230 0.054
(0.129) (0.133) (0.136) (0.119) (0.116) (0.139) (0.143) (0.153)

Difference (Children - No Children) -0.687*** -0.759*** -0.628** -0.561** -0.450** -0.716*** -0.614** -0.610*
(0.255) (0.261) (0.268) (0.223) (0.203) (0.273) (0.285) (0.357)

Observations 2,110 2,070 2,110 2,335 2,482 1,807 2,110 2,091
Dependent Variable: I2021

D

(1) (2) (3) (4) (5) (6) (7) (8)
b. Effects of School Share on I2021

D

With Children -0.408* -0.457* -0.322 -0.250 -0.088 -0.418* -0.420 -0.461
(0.234) (0.235) (0.246) (0.205) (0.191) (0.247) (0.262) (0.360)

Without Children 0.269* 0.286** 0.299** 0.321** 0.256** 0.324** 0.379** 0.277
(0.144) (0.146) (0.147) (0.132) (0.130) (0.153) (0.163) (0.176)

Difference (Children - No Children) -0.678** -0.744*** -0.622** -0.571** -0.344 -0.743** -0.799*** -0.738*
(0.275) (0.278) (0.286) (0.244) (0.231) (0.290) (0.308) (0.397)

Observations 2,090 2,070 2,090 2,309 2,454 1,807 2,090 2,071
Baseline Controls

√ √ √ √ √ √ √

Additional Controls
√

5% Outliers
√ √ √ √ √ √

2.5% Outliers
√

1% Outliers
√

Attention Check
√

Re-weighted (Exp.)
√

Re-weighted (Univ.)
√

Notes: Significant at *10%, **5%, ***1%. Robust standard errors in parentheses. This table reports 2SLS estimates of equation (4) discussed in Section 4.6
corresponding to the school share treatment effect. We present the coefficients for households with children and households without children separately, as
well as the difference between these two types of households. In the upper panel of the table, we report coefficients corresponding to regressions where the
outcome variable is our main outcome of interest, i.e., direct protests, while column (2) reports estimates on the intention to protest. For reference, column
(1) corresponds to our preferred specification reported in columns (1) and (2) in Table 3. Column (2) includes additional control variables collected in the
survey: age, gender, college degree, and political party. Column (3) reports estimates where no control variables are included at all. In column (4) we drop
2.5% of the outliers at each tail of the distribution (instead of the 5% used in the baseline specification), while in column (5) we drop 1% of the outliers at
each tail. Column (6) restricts the sample to subjects who passed the attention check included in the questionnaire (see Appendix I for the survey). Column
(7) reports re-weighted estimates where inverse probability weights are used to match the letter sample. Column (8) does the same but for the universe of
non-commercial properties. Estimates are based on inverse probability weighted 2SLS regressions. Weights are obtained from a logit model that regresses a
response dummy over the variables included in the administrative records reported in panel (a) of Table 1.
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