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Abstract
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ent types of poverty reduction programs, including unconditional and conditional cash trans-
fers, in-kind transfers, public works programs, asset transfers, and personalized tax refunds.
Using a randomized survey experiment of 16,000 individuals across eight middle-income coun-
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duction programs and its allocation across program types. In particular, we examine whether
information about the conditions faced by poor households and empirical evidence contra-
dicting common misconceptions about poverty reduction programs increase support for cash
transfers, which governments may not prioritize due to concerns about public opposition. We
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ubiquitous but poorly targeted policy motivated on distributional grounds.
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Proposed timeline

No data collection occurred before our original submission to the JDE, except for small-scale pi-
loting of the survey in Kenya and Nigeria in the first half of 2026 (and in December 2025). Due to
a funding opportunity with a limited window for spending, we began data collection for the first
phase of this study in Summer 2026, covering Brazil, India, Kenya, Nigeria, and South Africa. To
preserve the pre-results nature of the Registered Report review, we will treat any data collected
in this first phase as part of an extended pilot for the purposes of the JDE submission. We will
commence the main data collection rounds after incorporating feedback from reviewers. At the
time of writing, the remainder of the fieldwork is expected to take place in 2027, and we expect the
study to be completed by March 2028.
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1 Introduction

Progress in eliminating global poverty has slowed considerably in recent years, and this is pro-
jected to continue (World Bank, 2024), even though policymakers have an array of poverty re-
duction programs at their disposal, including cash transfers, in-kind transfers, and public works
programs. A large body of literature has shown that many of these programs substantially reduce
poverty and are cost-effective (Banerjee et al., 2024; Hanna and Olken, eds, 2026). Yet poverty re-
duction programs remain limited in many countries and are sometimes discontinued even when
proven effective. A prominent example is Prospera in Mexico (formerly known as Progresa and
Oportunidades), one of the most rigorously evaluated cash transfer programs in the world, which
was discontinued despite overwhelming evidence of positive impacts (Parker and Todd, 2017).
At the same time, total revenue foregone through reductions in consumption taxes on essential
goods (“consumption tax exemptions” hereafter), which are generally motivated on distributional
grounds, commonly exceeds spending on poverty reduction programs (Redonda et al., 2025), even
though such exemptions are known to primarily benefit richer households (Inchauste and Lustig,
2017; Warwick et al., 2022; Bachas et al., 2024Db).

One reason for this gap between evidence and policy may be that governments are constrained, or
believe themselves to be constrained, by public preferences. Public works programs and in-kind
transfers are often perceived as more publicly acceptable than cash transfers, since they impose
ordeals or conditions that require beneficiary effort or restrict how benefits can be used. Similarly,
policymakers may believe that universal consumption tax exemptions are more politically palat-
able than targeted social assistance programs. However, there is very little empirical evidence on
the extent of public support for poverty reduction programs, how this varies across program types,
and what drives these preferences.

We will fill this knowledge gap by conducting the first large-scale, harmonized survey experi-
ment across eight middle-income countries on attitudes toward poverty reduction policies. These
countries—Brazil, Colombia, Egypt, India, Indonesia, Kenya, Nigeria, and South Africa—are home
to around 2.5 billion people, spread across Latin America, Sub-Saharan Africa, Asia, and the Mid-
dle East. The level of funding for poverty reduction programs in these countries varies from 0.1 to
almost 2 percent of GDP, and interestingly, the relative composition of programs differs consider-
ably (see Figure 1). The evidence we collect will shed light on how people reason about poverty
reduction policies and will identify what drives support for one policy over another.

We elicit policy preferences across “traditional” social assistance program types (unconditional
and conditional cash transfers, as well as in-kind transfers and public works programs) and two
more novel program types: asset transfers and personalized tax refunds. Asset transfers are a cen-
tral component of the “graduation approach”, which has been shown to be effective at reducing
persistent poverty (Banerjee et al., 2015, 2021) but has seen limited government adoption. Person-
alized tax refunds have received increasing attention (de la Feria and Swistak, 2024; Kotlikoff et al.,
2025), as they could provide a middle-ground between popular but poorly-targeted consumption
tax exemptions and well-targeted but potentially less popular cash transfers. We also separately

elicit respondents’ views on consumption tax exemptions.



Figure 1: Spending on social assistance programs as a share of GDP (selected countries)
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Notes: Latest data for each country from the World Bank’s ASPIRE Database, available at:

https:/ /www.worldbank.org/en/data/datatopics/aspire. “In-kind” includes social housing programs in Brazil.
“Other” includes social care services in Brazil, a need-based scholarship program (PIP) and an indigenous
empowerment program in Indonesia, and infrastructure and education schemes in India.

Our study is designed to answer the following research questions:
1. Primary questions

1.1 What types of poverty reduction programs do respondents support?
1.2 Which beliefs and characteristics best predict support for different types of programs?
1.3 Does information provision increase overall support for poverty reduction programs?

1.4 Does information provision change the types of programs respondents support?

2. Secondary questions

2.1 Do respondents support greater spending on the programs they prefer?

2.2 How does support for social assistance programs relate to the programs actually imple-
mented across countries?

2.3 How do respondents perceive beneficiaries’ relative willingness to pay for programs?

2.4 Which subgroups of respondents are the most likely to increase their support for poverty
reduction programs in response to information provision?



2.5 Does respondents’ preferred level of spending on poverty reduction programs depend on
how it is funded?

We distinguish between three main factors that determine support for poverty reduction pro-
grams. The first is self-interest, which has been central to the seminal work on the political econ-
omy of redistribution, such as the median voter framework of Meltzer and Richard (1981), later
extended by Benabou and Ok (2001) to account for (upward and downward) social mobility ex-
pectations. The second is a respondent’s preferred role for government in reducing poverty, which
incorporates beliefs about the depth of poverty and the deservingness of the poor. This relates to
a theoretical literature on fairness views, ideology, and motivated reasoning (Alesina and Angele-
tos, 2005; Benabou and Tirole, 2006; Alesina and Giuliano, 2011). The third factor is the perceived
effectiveness of different types of programs. This relates to the public finance literature on pro-
gram design, which emphasizes that the form of transfers matters for both efficiency and political
sustainability. For example, Nichols and Zeckhauser (1982) and Besley and Coate (1992) show
that ordeals and conditionality can serve as screening devices to improve targeting, while Cur-
rie and Gahvari (2008) argue that in-kind transfers persist in part because voters are paternalistic
about how the poor spend money. This broad framework guides the design of our survey and
experimental treatments, allowing us to quantify the relative importance of self-interest, general
attitudes toward government spending on poverty reduction, and beliefs about program effective-
ness in shaping support. We show that our framework naturally maps to concepts in the welfare
analysis of government policies, following Hendren and Sprung-Keyser (2020).

To better understand the causal links in people’s reasoning, we will randomly vary respondents’
exposure to two educational videos and quantify their impacts on attitudes toward both the level
of spending on poverty reduction programs and its allocation across program types. In particular,
directly motivated by our conceptual framework, we will evaluate the effects of providing accurate
information about (i) the conditions poor households face and (ii) empirical evidence contradicting
common misconceptions about the effectiveness of poverty reduction programs (e.g., the myth of
the lazy welfare recipient).! This information is sourced from recent academic surveys, such as
Banerjee et al. (2024) and Hanna and Olken, eds (2026), and the references contained therein. In
the effectiveness video, we explicitly cite Evans and Popova (2017) showing that cash transfer bene-
ficiaries do not increase “harmful” spending on drugs and gambling; Banerjee et al. (2017) showing
that cash transfers do not reduce labor supply; and Warwick et al. (2022) and Bachas et al. (2024a)
(building on Bachas et al., 2024b) showing that consumption tax exemptions primarily benefit
richer households. The videos are brief, entertaining, simple, and tailored to the country context
(similar to Dechezleprétre et al., 2025). Collectively, the impact of these treatments speaks directly
to what influences public support for poverty reduction programs and whether governments can
use information to increase support for cost-effective programs that place fewer constraints on

beneficiaries, such as unconditional cash transfers.

An important consideration is the representativeness of our sample, given that we plan to survey
respondents online. Respondents are recruited from an online panel rather than randomly sam-
pled, so we do not describe the sample as representative of a national population. As in other

10ur small-scale pilot surveys confirm that these misconceptions are common in our study population (see Footnote
11).



large-scale online survey experiments that include middle-income countries (Dechezleprétre et al.,
2025; Hoy, 2025; Hoy et al., 2026), we expect it to be broadly representative of the internet-using
population (at least in terms of age and gender), and to be younger, more educated, more urban,
more likely to be male, and higher-income than the general population. The internet-using pop-
ulation in middle-income countries is large and growing rapidly, exceeding two-thirds of adults
in most of the countries we will survey, and disproportionately includes voters and those who
engage in political discourse (e.g., those using social media). Their preferences are therefore par-
ticularly relevant for understanding the political constraints governments face when designing
poverty reduction programs. We will nonetheless report detailed comparisons between our sam-
ple demographics and nationally representative benchmarks for each country, allowing readers to
assess the direction and magnitude of any selection. Our main results are reported for the achieved
sample; results weighted toward the general population are reported in an appendix.

This study will make five main contributions to the literature on public attitudes toward poverty
reduction programs. First, we provide the first large-scale, cross-country evidence on attitudes to
poverty reduction programs in middle-income countries. Much of the existing literature focuses
on support for redistribution in general, typically measured through questions about whether the
government should reduce inequality (Alesina and Angeletos, 2005; Alesina and Giuliano, 2011;
Kuziemko et al., 2015). Influential studies from middle-income countries in this vein, such as
Cruces et al. (2013) in Argentina and Pellicer et al. (2019) in South Africa, have generated important
insights but do not examine attitudes to poverty reduction programs specifically.? Yet governments
face choices not only about how much to spend on poverty reduction but also about how to spend
it, and a large body of evidence documents that the type of program likely matters enormously for
political sustainability (Banerjee et al., 2024). This study will complement a growing body of work
that uses large-scale, cross-country online surveys to study attitudes toward economic policies,
including Stantcheva (2021) on tax policies, Dechezleprétre et al. (2025) on climate policies, and
Stantcheva (2022) on trade. We integrate the latest advances in methodology developed in this
literature for eliciting perceptions, attitudes, and preferences (see Stantcheva, 2023) and conducting
information experiments (see Haaland et al., 2023).

Second, our survey design allows us to quantify which beliefs can explain support for poverty
reduction programs in general and for specific programs: self-interested motivations; general at-
titudes toward government spending on poverty reduction; and beliefs about program-specific
effectiveness, including perceived waste and corruption, targeting accuracy, benefits for beneficia-
ries, and distortions and spillovers. By measuring all of these channels within the same instrument,
we can assess their relative explanatory power and identify which beliefs are most strongly asso-
ciated with differential support across program types, a question that prior work has been unable
to address (Banerjee et al., 2017). Following Liscow and Pershing (2022), we measure respondents’
preferred total spending on poverty reduction programs under different hypothetical allocations
of spending to different programs, allowing us to characterize the potential trade-offs between
program restrictiveness and overall spending on poverty reduction. We also capture respondents’

2De La O (2013) and Bursztyn (2016) study support for poverty reduction programs in middle-income countries but
focus on beneficiaries” attitudes to cash transfers and how they translate into voting behavior. Liscow and Pershing (2022)
study attitudes toward cash and in-kind transfers among different social groups in the United States, but attitudes in
middle-income countries may be very different.



attitudes toward new types of poverty reduction programs, specifically asset transfers and person-
alized tax refunds, and compare them with traditional programs. This is particularly important in
the context of the growing body of evidence showing that graduation programs, which rely on as-

set transfers, are highly effective at reducing poverty but have not been adopted by governments.

Third, our experimental design provides causal evidence on whether information provision shifts
the level of support for social assistance and the types of programs that respondents prefer. The
information experiment literature has examined the effects of correcting misperceptions about
poverty and inequality (Cruces et al., 2013; Kuziemko et al., 2015; Hoy and Mager, 2021), but these
studies focus almost exclusively on general redistributive preferences. A key policy question—
whether evidence on program effectiveness can shift overall public support or support for spe-
cific programs—has not been experimentally addressed. Our video treatments, which separately
present information about the effectiveness of different programs and the conditions the poor face,
allow us to test whether preferences are impacted more through an “effectiveness” channel (shift-
ing beliefs about how well programs work) or through a “conditions” channel (shifting percep-
tions of the conditions the poor face), and whether these channels differentially affect support for

specific program types.

Fourth, we make a methodological contribution by measuring respondents” perceptions of ben-
eficiaries’ relative willingness to pay for different programs, which would be a central element
of any formal welfare analysis of spending on different programs (Hendren and Sprung-Keyser,
2020). Using a series of pairwise comparisons, we elicit respondents’ beliefs about how beneficia-
ries would trade off between program types, and the level of additional financial support required
to make them indifferent between an unconditional cash transfer and an alternative program. This
approach allows us to measure the perceived monetary value of the non-monetary program fea-
tures (conditionality, ordeals, in-kind provision). As a result, we are able to disentangle whether
respondents support more restrictive programs despite the costs they impose on beneficiaries or

because they believe these features are actually valued by beneficiaries themselves.

Finally, our design enables us to examine the relationship between each country’s existing social
assistance policies and public attitudes toward them. A strand of the literature has documented
that redistributive preferences are shaped by the institutional and policy environment in which
individuals live. For example, Luttmer and Singhal (2011) find that migrants” distributive prefer-
ences are correlated with average preferences in their birth countries, suggesting a role for cultural
transmission, and Almas et al. (2020) demonstrate that cross-country differences in fairness norms
mirror differences in social assistance policies. By surveying respondents across countries with
widely varying levels and compositions of spending on poverty reduction programs, we can ex-
amine whether people’s preferences are anchored to the status quo in their country, and how the

relationship between beliefs and support varies across policy environments.

The remainder of this paper is organized as follows. Section 2 presents our conceptual framework
and hypotheses. Section 3 describes the research design, including the survey instrument, the
video interventions, and power calculations. Section 4 presents our empirical strategy, Section 5
presents how we plan to interpret the results, and Section 6 discusses the study’s limitations and
potential challenges. The Appendix includes a theoretical result on the ambiguous relationship



between allocation efficiency and overall support for poverty reduction programs, key findings

from our small-scale pilot surveys, and the full survey instrument.

2 Conceptual Framework and Hypotheses

2.1 Conceptual framework

Figure 2 is a graphical representation of our conceptual framework. We use this framework to
design the survey, considering each of the factors that may contribute to an individual’s support
for different types of poverty reduction programs. The figure is an organizing device for the survey
rather than a causal model that we test. The boxes are not assumed to be causally independent. The
arrows indicate the channels the survey is built to measure; the descriptive analysis in Section 4.2
documents how the measured beliefs co-vary with support. The experimental treatments are the
only source of causal variation in the design.

Figure 2: Conceptual framework: factors shaping views on poverty reduction
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Notes: The figure summarizes the conceptual framework for this study. Boxes I-IV capture general determinants of
support for poverty reduction programs: self-interest, perceptions of poverty, concern for the poor, and views about
the appropriate role of government. Boxes V-VIII capture program-specific beliefs about effectiveness: perceived waste
and corruption, targeting accuracy, benefits for beneficiaries, and distortions and spillovers.



Box I outlines key factors that could motivate an individual’s self-interested support for poverty
reduction policies. Most straightforwardly, respondents will usually find it in their self-interest
to support a program if they—or members of their family—are currently eligible for its benefits
or expect to become eligible in the future. The higher the chance of becoming eligible in the fu-
ture and the higher an individual’s level of risk-aversion, the more likely they are to have a self-
interested motivation for supporting a poverty reduction program. Conversely, respondents who
perceive themselves as likely to be taxed more to fund a poverty reduction program will have a
self-interested motivation to oppose it.> We represent the impact of self-interest on attitudes to-

ward poverty reduction programs as Arrow A.

Boxes II-III categorize general attitudes toward poverty that may generate support for poverty
reduction programs, even among people without a self-interested motivation. Perceptions of the
prevalence and the severity of poverty in a society (Box II) and the degree of concern for poor
people (Box III) will influence the extent to which poverty is seen as a problem that needs to be
addressed. Respondents may have various reasons for concern about the poor, including norma-
tive beliefs about universal entitlements (e.g., to food, housing and healthcare). Respondents’ level
of concern for the poor may also depend on their views about the causes of poverty: those who
believe it arises from bad luck or systemic disadvantage may be more likely to support poverty

reduction programs than those who perceive it as a result of low effort or self—discipline.4

Views on the appropriate role of government in reducing poverty (Box IV) will be influenced by
people’s perceptions of poverty and their level of concern for the poor, and will determine how
those views translate into support for poverty reduction programs. For instance, some respondents
might not believe it is the responsibility of the government to support the poor, or at least insofar as
they are able-bodied adults without children. Or they may agree that poverty should be reduced
but do not believe the government is capable of doing anything about it. The effect of the resulting
general attitudes toward poverty reduction programs is represented by Arrow B.

Boxes V-VIII capture views on the effectiveness of particular poverty reduction policies. In contrast
to most of the views in Boxes I-1V, these are in essence views on empirical questions (i.e., matters
of fact). Box V captures the extent to which respondents expect a given program to be subject to
corruption and waste. Respondents might be concerned that funds for poverty reduction programs
would be misappropriated through corruption and embezzlement. Even if funds were used for
legitimate purposes, respondents might worry that a large share of the programs’ costs is spent on

government administration (Banerjee et al., 2024).

Box VI captures concerns about targeting: given that poverty is not easily measured by govern-
ments in low- and middle-income countries, eligibility for poverty reduction programs can only
be determined through some combination of proxy means tests and ordeals—barriers to accessing
poverty reduction programs that encourage self-selection (Banerjee et al., 2024). Respondents may
not support policies if they believe the targeting mechanism is weak, leading to a non-trivial share

3This list is not exhaustive. Other factors that might affect self-interested motivation to support a poverty reduction
program include someone’s perceived chance of moving out of poverty if they are poor and their discount rate.

4 Andersen et al. (2023) find that individuals who receive an exogenous wealth shock become less likely to attribute
poverty to luck, indicating that beliefs about the reasons for poverty are themselves shaped by self-interest. However,
in a different context Cerkez et al. (2025) find no effect, suggesting that this result may be context-specific.



of program spending going to families that are not poor.

Box VII captures the perceived benefits of poverty reduction programs for the poor. Beliefs about
the effectiveness of these programs at reducing poverty and/or providing some form of insurance
for poor people are likely to influence support. However, respondents might be concerned that the
value of poverty reduction programs to beneficiaries could be diminished by costs such as ordeals,
conditionality (e.g., work requirements), or the stigma attached to receiving assistance, and some
might worry that the poor would not use assistance in their own best interest.

Box VIII contains the perceived costs and benefits of social assistance programs for wider society.
On the cost side, poverty reduction programs might reduce labor supply or raise prices, negatively
impacting non-poor households. Perceived benefits include stimulating the local economy or rais-
ing wages (Banerjee et al., 2017). Taken together, the effect of these views about the effectiveness
of particular poverty reduction programs on attitudes toward them is represented by Arrow C.

These factors map onto familiar concepts in the welfare analysis of government policies. The ex-
position here—following the framework of Hendren and Sprung-Keyser (2020)—is not intended
to be structural but (as e.g. in Stantcheva, 2021) to help frame the survey design and guide inter-
pretation of the empirical findings. Suppose respondents form their views as if maximizing the
social welfare function W, which is a weighted sum of individual utilities W = Uy + Y2y $;U;,
where Uj is a respondent’s own utility and ; is the subjective social welfare weight for individual
i (the welfare weight on the respondent’s own utility is normalized to iy = 1). Then the change in
perceived social welfare from a marginal increase in spending on policy j is

dW  dUy :
— = pi— = AyWTP, + Y A, WTP! (1)
dpj @]zgld 151

where A; is individual i’s marginal utility of income and WTPJ is i’s willingness to pay for a
marginal increase in spending on program j (as perceived by the respondent) WTPj can be de-
composed further; one useful decomposition is WTP] = oc] (5] + ¢!, where o/ is the share of spending
on j that is of direct benefit to i, (5] is i’s willingness to pay for this direct benefit, and €/ captures the
indirect costs or benefits (in cash terms) that i experiences as a result of higher spending on j. For
an unconditional cash transfer, 5{ = 1 by definition; by contrast, we would have (5{ < 1 for in-kind

transfers if respondents believe that beneficiaries value them below their monetary value.

The total effect on perceived social welfare per dollar of net government expenditure on social

assistance policy j is given by

dw

dap _ Av(a)d) +€p) + igy idi(ais] + €)) ?
R 1+ FE; ’
Pj

which additionally takes into account fiscal externalities FE;: FE; < 0 means that there are positive
spillovers to the government budget, reducing the effective cost of the policy. Then the extent to
which respondents are concerned about the poor (Box III) relative to themselves (Box I) maps onto
others’ relative welfare weights ;. Others’ perceived marginal utility of income A; relates to the

respondent’s perceptions of poverty (Box II). The perceived waste and corruption (Box V) and the



perceived targeting accuracy (Box VI) of a policy j affect the absolute value and the distribution
of the a/s. Beneficiaries’ perceived willingness to pay for the direct benefits of poverty reduction

programs is reflected in (5{ (Box VII).° Distortions and spillovers (Box VIII) feed into F E; if they go

through the government budget and into the ef-' s (including those of the non-poor) otherwise.®

2.2 Hypotheses

We outline below our primary and secondary (both descriptive and experimental) hypotheses.

221 Primary hypotheses

Correlates of baseline support (descriptive analysis)

H1la: Overall support for poverty reduction programs will be higher among respondents who

currently benefit, or expect to benefit in the future, from such programs.
This relates to Box I in our conceptual framework and our research question 1.2.

H1b: Overall support for poverty reduction programs will be higher among respondents who

perceive poverty to be more severe.
This relates to Box II in our conceptual framework and our research question 1.2.

H1c: Support for each type of poverty reduction program will be higher among respondents who
believe that type of program to be more effective.

This relates to Boxes V=VIII in our conceptual framework and our research question 1.2.
Experimental outcomes

H2a: A video providing respondents with accurate information about the conditions poor house-

holds face will increase their overall support for poverty reduction programs.”

This relates to Box I and Arrow B in our conceptual framework and our research question 1.3.

H2b: A video providing respondents with accurate information about the effectiveness of poverty

reduction programs will increase their overall support for poverty reduction programs.
This relates to Boxes V-VIII and Arrow C in our conceptual framework and our research question 1.3.

H2c: A video providing respondents with accurate information about the effectiveness of poverty

SPaternalistic concerns could be captured in this framework as (5{ for i # i differing from the respondent’s best
judgment of what beneficiaries would actually be willing to pay for the direct benefit of the policy.

®Hendren and Sprung-Keyser (2020) emphasize a variant of equation (2), namely % g—; = 7;MVPF;, where 7j; =
j
Y ZWI;?P, ;A; is the weighted average of the product of individuals’ marginal utilities and welfare weights (weighted

by their willingness to pay) and MV PF; = lerl]??;{ is policy j’s Marginal Value of Public Funds (MVPF). MV PF; has an
intuitive interpretation as policy j’s value for money:.

7 A decrease in support is also theoretically possible if respondents interpret the information as evidence that poverty
is intractable or that assistance is unlikely to be effective.




reduction programs will increase their relative support for cash transfers.
This relates to Boxes V-VIII and Arrow C in our conceptual framework and our research question 1.4.

H2d: A video providing respondents with accurate information about the effectiveness of poverty
reduction programs will decrease their support for consumption tax exemptions as an alternative
to targeted social assistance.

This relates to Boxes V=VIII and Arrow C in our conceptual framework and our research question 1.4.

2.2.2 Secondary hypotheses

Additional descriptive hypotheses

H3a: Respondents will support higher poverty reduction spending when the allocation of re-

sources across program types is closer to their preferred allocation.?
This relates to our research question 2.1.

H3b: Respondents will express greater support for poverty reduction programs that are more
closely aligned with the programs currently implemented in their country.

This relates to our research question 2.2.

H3c: Respondents will believe that beneficiaries would need greater compensation to prefer pro-

grams with conditions/ordeals.
This relates to our research question 2.3.
Heterogeneous treatment effects

H4a: A video providing respondents with accurate information about the conditions poor house-
holds face will increase support for poverty reduction programs more among respondents who,
prior to the treatment, perceived poverty as less severe than among those who perceived it as

more severe.
This relates to Box II in our conceptual framework and our research question 2.4.

H4b: Providing respondents with either video treatment will increase support for poverty reduc-
tion programs more among respondents who, prior to treatment, believed that the government

has the responsibility to reduce poverty than among those who did not.
This relates to Box IV in our conceptual framework and our research question 2.4.

H4c: A video providing respondents with accurate information about the effectiveness of poverty
reduction programs will increase support for these programs more among respondents who, prior
to the treatment, did not believe these programs to be effective than among those who did.

8 As shown in Appendix A, this may or may not be the case for a rational social planner depending on the curvature
of household utility functions.
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This relates to Boxes V-VIII and Arrow C in our conceptual framework and our research question 2.4.

H4d: A video providing respondents with accurate information about the effectiveness of poverty
reduction programs will decrease support for consumption tax exemptions more among respon-
dents who believe they are personally less affected by changes to consumption taxes on essential
goods than among those who believe they are more affected.

This relates to Box I in our conceptual framework and our research question 2.4.
Financing of poverty reduction spending

Hb5a: Respondents will give a higher preferred level of overall spending on poverty reduction
programs when told that any additional spending would be funded by foreign aid than when told
it would be funded by higher taxes or by lower government spending on other priorities.

This relates to Box I in our conceptual framework and our research question 2.5.

3 Research Design

3.1 Respondent sample

We will conduct an online randomized survey experiment with respondents from eight middle-
income countries: Brazil, Colombia, Egypt, India, Indonesia, Kenya, Nigeria, and South Africa.
We selected these countries because they have large online populations, have been successfully
included in other cross-country randomized survey experiments, and have implemented a variety
of different social assistance programs. Respondents will be recruited through a global survey
tirm, YouGov, which regularly runs online surveys with a pre-registered pool of people in these
countries who already have experience taking part in surveys on different topics for compensation,
such as phone credit. YouGov ensures that respondents have a track record of being attentive
during surveys, excluding those who regularly rush through surveys or do not complete them in
full. Recruitment is not subject to demographic quotas; we only set an overall target for the number
of completed responses in each country.

Our target sample size is 2,000 respondents per country, yielding a total sample of 16,000 respon-
dents. We expect the sample to be broadly representative of the internet-using adult population (at
least in terms of age and gender), as has been documented for another survey conducted through
the same YouGov panels (Hoy et al., 2026). We will report the age and gender composition of our
sample compared to that of the internet-using and the adult populations in each country. Because
respondents are drawn from a pool of people who take surveys for compensation, they are likely
to be more literate and more practiced at answering survey questions than internet users in gen-
eral; relative to the adult population, the sample is expected to be younger, more educated, more
urban, more likely to be male, and higher-income.

Our main results are reported for the achieved sample and are therefore sample average treat-
ment effects. As a robustness exercise, we also report results weighted to national census margins

(Section 4.8.3). These target the adult population as a whole. Recovering a population average
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treatment effect from them requires an ignorability assumption: that treatment effects among sam-

pled respondents match those in the population, conditional on the weighting variables.

Table 2 provides the share of the population using the internet by age, gender and location in
each country. These figures substantially understate the internet coverage of the adult population
as children are included in the figures. This distinction is particularly important for the lower-
income settings in this study, such as Kenya (37% of the population aged 0-14) and Nigeria (41%
of the population aged 0-14).

Table 2: Online share of population and subgroups

% of Population % of Men % of 15-24 Year Olds % of Urban Population
Brazil 84.5 85.2 95.6 85.7
Colombia 79.3 78.6 92.3 84.6
Egypt 74.6 79.3 92.7 83.6
India 70.0 76.7 84.7* 79.9
Indonesia 72.8 75.7 95.5 79.1
Kenya 35.0 37.8 46.6 56.6
Nigeria 41.2 44 .6* 49.9* 48.8*
South Africa 78.4 80.7* 94.9% 83.5%

Source: International Telecommunications Union. Available at: https://datahub.itu.int/ (Accessed: 20 May 2026).
Note: * indicates figures are estimated based on regional averages.

3.2 Why an online sample is informative in this setting

A natural concern with our design is that an online sample is not representative of the full adult
population in each country. We therefore interpret our main estimates as evidence on the atti-
tudes and information responsiveness of internet-using adults, rather than as a direct estimate of
population-wide preferences. Internet-using adults are a politically relevant population in their
own right. In middle-income countries, public debate about social assistance, taxation, and gov-
ernment spending increasingly takes place through digital media, social media, and other online
channels. Individuals with internet access are more likely to be exposed to government commu-
nication campaigns, advocacy campaigns, media coverage, and political messaging about poverty
reduction programs. As a result, their views are especially relevant for understanding the public-
opinion constraints that governments face when considering reforms to social assistance policy.
This is the same logic underlying recent large-scale online survey experiments on policy attitudes
in middle-income countries, including Hoy et al. (2026), who study attitudes toward fossil fuel

subsidy reform using an online survey experiment across twelve middle-income countries.

Online implementation enables the fielding of a complex, standardized survey instrument across
multiple countries within a short period of time. The survey includes video treatments, knowledge
checks, budget-allocation exercises, and randomized program comparisons, all of which would
be substantially more difficult, costly, and less comparable to implement through in-person sur-
veys across eight countries. Online implementation allows us to deliver identical information
treatments, randomize multiple survey components, monitor attention, and collect a large sam-

ple within a comparable fieldwork window. This improves the comparability of treatment ef-
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fects across countries and enables a design that would be difficult to replicate using traditional
household-survey methods. Online administration also helps mitigate experimenter effects and
social desirability bias relative to more direct modes of interviewing (Kreuter et al., 2008; Haa-
land et al., 2023). Recent work in economics has used similar designs to study policy preferences
and information effects in large online samples (Dechezleprétre et al., 2025; Kuziemko et al., 2015;
Alesina et al., 2018).

We nevertheless take the limits of online sampling seriously. In the main analysis, we will describe
the demographic composition of the sample in each country and compare it with available nation-
ally representative benchmarks. The main results are reported for the unweighted online sample.
Survey-weighted results, adjusting for observable differences between the online sample and the
adult population at a minimum by age and gender, will be reported in an appendix. We will also
examine whether baseline support and treatment effects vary by observable characteristics that
are correlated with internet access, including age, gender, education, income, and urban residence.
These analyses will help assess whether the main findings are concentrated among particular sub-

groups or are broadly similar across the observable characteristics of the sample.

3.3 Survey instrument

The questionnaire is standardized across countries while allowing local adaptation of language,
currency amounts and country-specific information, as detailed below. Surveys in India, Kenya,
Nigeria, and South Africa are administered in English. Surveys in the remaining four countries—
Brazil, Colombia, Egypt, Indonesia—are translated from English into the local language and re-
viewed by multiple native speakers. Currency amounts and other country-specific items—such
as reference spending levels and program names—are adapted for each country as described fur-
ther below. Video treatments are adapted for local context where appropriate (e.g., using country-
specific imagery) while keeping the substantive content identical across countries. Video voiceovers
are recorded by professional voice actors from each country, including native speakers of Indian,
Kenyan, Nigerian, and South African English; all voices are female for consistency. All videos
will be made available online. To monitor country-specific comprehension issues, we will report
knowledge-check pass rates, attention-check performance, and completion times separately by

survey language in the Stage 2 report.

As shown in Figure 3, the instrument is organized into ten major sections. As indicated by the
dashed lines, half of respondents will be randomly allocated to completing the Views on poverty
and Beliefs about program effectiveness sections after the main treatments and questions about
support for different types of poverty reduction programs. This means the survey can be used
to analyze both first-stage effects of the main treatments on views of effectiveness (for those who
complete effectiveness questions after the treatment) and heterogeneous treatment effects based on
prior beliefs about program effectiveness (for those who complete effectiveness questions before
the treatment). Section 3.8 explains in more detail why we randomize the placement of these two

modules and what this implies for statistical power.

The content of the sections is:
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Figure 3: Survey outline
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Notes: The figure summarizes the sequence of survey modules. All respondents first complete background questions,
questions on views about poverty, and a neutral information video with a knowledge check. Respondents are then ran-
domly assigned to the Conditions faced by the Poor video, the Effectiveness video, or the control group, with assignment
probabilities of 30 percent, 30 percent, and 40 percent, respectively. The views on poverty and effectiveness modules
are randomly placed either before or after the treatment stage: when asked before treatment, these measures are used
to capture baseline beliefs and to define pre-specified heterogeneity; when asked after treatment, they are used to mea-
sure updated beliefs. After treatment, respondents complete the main support, willingness-to-pay, consumption-tax,
and real-stakes modules. The figure abstracts from additional within-module randomizations, including the randomly
assigned fifth program type and the consumption-tax comparator.



1. Background characteristics. We first collect demographic and socioeconomic information, in-
cluding age, gender, income, area of residence, household composition, education, and employ-
ment status, as well as the respondent’s group membership along the social cleavage we expect
to be most salient for attitudes toward redistribution in their country. This is ethnicity in Brazil,
Colombia, Kenya and South Africa, and religion in Egypt, India, Indonesia and Nigeria. We mea-
sure one cleavage per country, in order to keep the instrument to a manageable length. We also
elicit views on the current government, risk preferences, altruism, knowledge of existing poverty
reduction programs in a given country, and perceived exposure to a consumption tax. Respon-
dents” answers to these questions are primarily used for heterogeneity analysis. We also ask re-
spondents about their current subjective poverty and receipt of benefits from existing poverty-
reduction programs, as well as their expectations of being poor or benefiting from these programs
in the future; these questions directly relate to the self-interest component (Box I) of the conceptual

framework.
Table 3: Treatment and explainer video links, by country

Country Links to Videos

Kenya Explainer 1, Explainer 2, Conditions faced by the Poor, Effectiveness
Nigeria Explainer 1, Explainer 2, Conditions faced by the Poor, Effectiveness
Brazil Explainer 1, Explainer 2, Conditions faced by the Poor, Effectiveness
South Africa Explainer 1, Explainer 2, Conditions faced by the Poor, Effectiveness
India Explainer 1, Explainer 2, Conditions faced by the Poor, Effectiveness

Notes: Each link points to the country-specific version of the video. Explainer 1 and Explainer 2 are the
two neutral program-explainer videos shown to all respondents before treatment; Conditions faced by the
Poor and Effectiveness are the two treatment videos. Videos are adapted to local context while keeping the
substantive content identical across countries.

2. Neutral explainer video and knowledge check. All respondents will then watch a two-minute
neutral explainer video on four “core” types of poverty reduction programs—unconditional cash
transfers, conditional cash transfers, in-kind transfers, and public works programs—and one ran-
domly assigned “new” type of program, either asset transfer or personalized tax refund. The in-
formation presented in the videos is shown in Table 4; Figure 4 shows the video storyboard (Kenya
version with “asset transfer” as the fifth program). Links to the full explainer videos for Kenya,

Nigeria, Brazil, South Africa, and India are given in Table 3 (both versions).

This video is intended to provide all respondents with a common baseline understanding of the
policy instruments and does not present information about program effectiveness. After the video,
respondents will complete a ten-point knowledge check quiz (including knowledge of the fifth pro-
gram). Those scoring below 7 out of 10 are shown the correct answers and are asked to retake the
quiz. Respondents who fail a second time are excluded from the analysis sample. As this exclusion
occurs for all respondents and before treatment assignment, it does not impact the internal validity
of our experiment. As a robustness check, we will also report results using alternative exclusion
thresholds of 6 out of 10 and 8 out of 10.
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https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPA_KENYA1_1_1.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPB_KENYA1_1_2.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSLIFE_KENYA1_1_3.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSMYTH_KENYA1_1_2.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPA1_1_3NIGERIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPB1_1_2NIGERIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSLIFE1_1_2NIGERIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSMYTH1_1_2NIGERIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPA1_1_3BRAZIL.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPB1_1_2BRAZIL.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSLIFE1_1_4BRAZIL.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSMYTH1_1_2BRAZIL.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPA1_1_3SOUTHAFRICA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPB1_1_2SOUTHAFRICA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSLIFE1_1_5SOUTHAFRICA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSMYTH1_1_2SOUTHAFRICA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPA1_1_2INDIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSEXPB1_1_3INDIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSLIFE1_1_2INDIA.mp4
https://surveygizmolibrary.s3.amazonaws.com/library/754635/2604IFSMYTH1_1_2INDIA.mp4

Table 4: Program explainer video: content

Program Receives Requires Regularity

UCT Money to spend however they Nothing Regular (monthly)
like

CCT Money to spend however they Send their kids to school or Regular (monthly)
like get them vaccinated

In-kind Everyday essential goods, such as Nothing Regular (monthly)
food

Public works Money to spend however they Work on  government Only when they work
like projects

Asset transfer An income generating asset, such Nothing One-off
as a cow

Tax refund A refund of the tax they have paid Nothing Whenever they buy
on essential goods eligible goods

Notes: The table summarizes the information presented in the neutral program explainer video shown to
all respondents before treatment assignment. The video introduces the basic features of each program type,
including what beneficiaries receive, whether any conditions or requirements apply, and whether support is
regular or one-off. All respondents are shown the four core program types: unconditional cash transfers,
conditional cash transfers, in-kind transfers, and public works programs. Respondents are also randomly
assigned to see one additional program type, either asset transfers or personalized tax refunds. The explainer
video is intended to create a common baseline understanding of the policy instruments and does not present
evidence on program effectiveness.

3. Views on poverty. Respondents are then asked questions corresponding to Boxes II-IV of the
conceptual framework. These questions cover perceived poverty severity and its causes, beliefs
about the possibility of escaping poverty, and views on the role of government. Half of respondents

will be randomly allocated to completing this section later (see Figure 3).

4. Beliefs about program effectiveness. Respondents then complete modules measuring beliefs
corresponding to Boxes V-VIII of the conceptual framework. This includes a “leaky bucket” exer-
cise, where respondents are asked what shares of spending on social assistance they believe goes
to intended beneficiaries, unintended beneficiaries, the cost of administration, and corruption. Re-
spondents also choose whether they think various statements about program effectiveness apply
to the four “core” programs and the additional “new” program they were shown in the explainer
video. Half of respondents will be randomly allocated to completing this section later (see Figure 3).

5. Experimental treatments. Respondents in the treatment groups receive one of two video treat-

ments. Details are provided in Section 3.5.

6. Support for spending on poverty reduction programs. We first elicit support for social assis-
tance using five-point Likert-scale questions on general support for poverty reduction programs
and on each of the four core program types. These questions are followed by a question asking

respondents to rank program types in order of preference.

This is followed by a series of budget-allocation tasks. Respondents state their preferred level of
overall spending on poverty reduction programs under different hypothetical budget allocations

across program types. These are
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¢ an equal split across program types,

¢ all spending allocated to a single program type,

¢ the respondent’s own preferred allocation, and

¢ the actual allocation in their country as sourced from the World Bank’s Atlas of Social Pro-

tection Indicators of Resilience and Equity (ASPIRE).?

We elicit the respondent’s own preferred allocation before telling them about the actual allocation
in their country. We deliberately anchor the preferred level of overall spending by informing re-
spondents of a typical level of spending in countries at a similar income level, expressed as spend-
ing per family member per month in local currency terms; this is to allow respondents to express a
genuine preference even though they might have no prior knowledge of what would be a realistic

amount.19

We explicitly highlight the government budget constraint. Before stating a preferred level, respon-
dents are asked to assume that additional spending will be paid for by (i) foreign donor countries,

(ii) higher taxes for the general population, or (iii) lower government spending on other things.

9The ASPIRE database is freely available at: https:/ /www.worldbank.org/en/data/datatopics/aspire.
10We calculate typical monthly spending per beneficiary in countries at a similar income level as 5% of GDP per
capita per month. This is based on typical spending on poverty reduction programs in middle-income countries of
around 0.5% of GDP and these programs typically covering around 10% of the population (approximate figures based
on the World Bank’s ASPIRE database).
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Which constraint is presented is randomized across respondents (see Section 3.4).

Finally, respondents are asked to repeat the ranking exercise when the “new” program type they
have been told about in the explainer video—either asset transfer or personalized tax refund—is
added to the choice set.

7. Willingness to pay and perceived recipient trade-offs. Respondents complete questions on a
set of pairwise vignettes that elicit beliefs about poor households” program preferences. For each
of three pairs—CCT versus UCT, in-kind transfer versus UCT, and public works versus UCT—
respondents are first asked which program they believe most poor families would choose, or
whether families would be evenly split between the two. UCT serves as the common bench-
mark across all three comparisons. For respondents who identify one program as preferred, a
follow-up question elicits an equalizing-value measure: how much would the transfer amount of
the less-preferred program need to increase—holding the preferred program fixed at a reference
transfer value—for poor families to be indifferent between the two? Responses are recorded on
a discrete ordered scale, with an open-ended option for larger values. Because the vignettes ask
what poor families would choose rather than what respondents themselves prefer, these items cap-
ture perceived recipient welfare, which is conceptually distinct from respondents” own support for
programs. The questions in this section complement qualitative information on perceived benefits

for beneficiaries (Box VII), elicited in the previous section, with a quantitative measure.

8. Consumption tax comparisons. In the final section, respondents are asked about consumption
tax exemptions as an alternative to targeted social assistance. We elicit beliefs about exposure to
tax changes and present comparisons between a reduction in consumption taxes and a randomly
assigned comparator program (either unconditional cash transfers or public works programs). In
addition, we ask respondents a series of questions about their views on this policy, including who
benefits the most from these exemptions, the fairness of this policy, and how likely it is to be subject

to corruption and waste.

9. Real stakes questions. As is standard in online surveys (Stantcheva, 2023; Dechezleprétre et
al., 2025), we end the survey with a “real stakes” question to check that their survey responses
reflect their true opinions. We ask respondents whether they would be willing to support a pe-
tition to the head of state promoting their preferred social assistance program (while preserving

respondent anonymity).

10. Manipulation checks. In this section, we ask all respondents the attention check questions
asked after the treatment videos, with minimally modified phrasing to make them understandable
for all respondents. This allows us to directly measure the treatment effect on the precise beliefs
targeted by the videos. Placing these questions at the very end of the survey serves two purposes.
First, it ensures that asking these questions in itself cannot confound any treatment effects of the
videos. Second, we will be able to measure a more persistent effect than if we ask these questions

earlier.

The full survey instrument (Kenya version) is reproduced in Appendix C.
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3.4 Organization of the experiment

Respondents are randomly assigned to treatment and control conditions just after the “General
program information video and attention check” module. Within country and gender and age
strata, participants are randomized at the individual level to one of two video treatments with
probabilities of 30% (Conditions faced by the Poor and Effectiveness, described in Section 3.5) or to the
control group with a probability of 40%. Because treatment assignment is randomized, differences
in outcomes across groups can be interpreted as causal effects under standard assumptions.

Recruitment quotas ensure that the overall sample includes approximately 2,000 respondents from
each country. Within each country-gender-age block, randomization assigns participants to treat-
ment conditions as per the 30%, 30%, 40% split described above. This yields approximately N
= 16,000 respondents in total across the eight countries, with 6,400 assigned to control and 4,800

assigned to each treatment group. The rationale for this allocation is discussed in Section 3.7.

Exogenous variation arises from the random assignment to the video treatments. By design, treat-
ment assignment is independent from pre-treatment characteristics within strata, therefore identi-
tying intent-to-treat (ITT) effects under standard SUTVA assumptions. Since the survey is admin-
istered individually and online, spillovers across respondents are extremely unlikely.

Formal blinding of respondents to their treatment status is not feasible in this design: each respon-
dent is necessarily exposed to their assigned video (or no video, in the control condition). How-
ever, respondents are not informed of the existence of other treatment conditions, so they cannot
infer what they did or did not see relative to other participants. The pre-registration of the analysis
plan prior to data collection ensures that all analytical choices are made without knowledge of the
outcomes, preventing post-hoc specification of hypotheses or estimation strategies.

In addition to the main treatment assignment, we randomize six other elements of the survey.

These are:

¢ whether respondents are asked about their views on poverty and the effectiveness of pro-

grams before or after the main treatments,

¢ the fifth program type introduced to respondents (asset transfers or personalized tax re-
funds),

¢ the way the budget constraint would be closed if more money was spent on poverty reduc-
tion (higher taxes, lower government spending, higher foreign aid),

¢ whether respondents are asked how much they would gain from lower consumption taxes

or how much they would lose from higher consumption taxes,

¢ the comparator program (either unconditional cash transfer or public works) used in the final

consumption tax comparison, and

¢ the order in which the “all spending on a specific program” budget allocation questions are
presented.
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In addition, the order of all items is randomized within a given question whenever there is no
natural order of the items. All random elements of the survey are randomized independently. In

all cases, all options have equal probability.

3.5 Interventions

To test our experimental hypotheses, we implement two video treatments designed to provide re-
spondents with accurate information in an accessible format. The intervention design follows re-
cent methodological guidance on information experiments (Haaland et al., 2023; Stantcheva, 2023).
The videos are produced separately for each country rather than dubbed from a common original.
The people depicted in them reflect the ethnic composition of the country and prevailing norms
about dress, so that the households shown are recognizable to respondents as ordinary poor house-

holds in their own setting.

Conditions faced by the Poor. The first treatment video presents accurate information on the
conditions faced by poor households. This treatment is designed to affect respondents’ perceptions
of poverty, corresponding to Box II of the conceptual framework. Table 5 summarises each claim
in the video, the information presented to support it, and—in the third column—the specific belief
item in Table 9 that each claim is expected to shift and in which direction. By shifting beliefs
about poverty, we expect the video to increase overall support for poverty reduction spending,
without necessarily shifting relative support across program types. Links to the full video for

Kenya, Nigeria, Brazil, South Africa, and India are given in Table 3.

Table 5: Conditions faced by the Poor, video content

Topic Content Expected effect on beliefs
Living conditions Poor households typically live in very basic Lives of the poor are harder (D) T
conditions.

Limited margin for error Poor households have very little room for error Lives of the poor are harder (D) 1

compared to an average family.

Limited opportunities Poor households face more restricted opportu- Most can escape if work hard (D) |
nities than average families.

Notes: Variable names and panel letters in the third column refer to Table 9 (variable definitions); 7/ = expected
increase/decrease. The table summarizes the content of the Conditions faced by the Poor treatment video. This
video presents respondents with information about the living conditions, vulnerability, and limited opportunities
faced by poor households. We expect this treatment primarily to increase overall support for poverty reduction
spending, without necessarily shifting relative support across program types. By construction, all three claims are
expected to raise the “Perception of poverty index” in Panel E.

Effectiveness. The second treatment video addresses three common but incorrect beliefs about

the effectiveness of social assistance programs, each contradicted by peer-reviewed evidence.!!

Table 6 summarizes each claim in the video and its expected effect on beliefs, following the same

T Among respondents to the second and third small-scale pilots, 49% believed at baseline that UCTs are wasted by
recipients, and 62% believed that they make people work less (see Figure Al in Appendix B). Moreover, 86% agreed
with the statement: “Reducing taxes on essential goods for everyone is a good way for the government to support poor
families.”
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structure as Table 5. These claims map directly to Boxes VII (Recipients waste cash transfers),
VIII (Cash transfers reduce labor supply) and VI (Tax exemptions benefit richer households) of
the conceptual framework. We expect the video to increase overall support for poverty reduction
spending, to increase relative support for cash transfers, and to decrease support for consumption
tax exemptions. Links to the full video for Kenya, Nigeria, Brazil, South Africa, and India are given
in Table 3.

Table 6: Effectiveness, video content

Myth Evidence Expected effect on beliefs
Recipients waste cash trans- Research shows recipients of cash Recipients waste help (F),
fers transfers do not increase spending on UCT/CCT/Public works |

alcohol, tobacco, or other harmful

goods.

Cash transfers reduce labor
supply

Tax exemptions on essential
goods benefit the poor

Research shows recipients do not re-
duce labor supply.

Tax exemptions primarily benefit richer
households, who spend more on these
goods in absolute terms and at formal

Reduces labor supply (F), UCT/CCT |

Cuts help the poor (K) |; Cuts > SA (K)
1; Cuts are fairer (K) |; Progressive (K) |;
Prefers tax exemption (K) |

stores.

Notes: Variable names and panel letters in the third column refer to Table 9 (variable definitions); 7/ = expected
increase/decrease. The table summarizes the content of the Effectiveness treatment video. This video presents
respondents with evidence addressing common concerns about social assistance programs: that recipients of cash
transfers waste the money on harmful goods, that cash transfers reduce labor supply, and that consumption tax
exemptions primarily benefit poor households. The treatment is designed to affect beliefs about program effec-
tiveness, corresponding to Boxes V-VIII and Arrow C in the conceptual framework. We expect this treatment to
increase overall support for poverty reduction spending and to increase relative support for cash transfer pro-
grams. The prediction for Recipients waste help extends to public works programs because participants also receive
cash; the prediction for Reduces labor supply applies to UCT and CCT only, as the evidence presented in the video
is specific to unconditional and conditional cash transfers. Variable names for Myth 3 are abbreviated from Table 9
Panel K: Cuts help the poor = Consumption-tax cuts help the poor; Cuts > SA = Consumption-tax cuts > social assistance;
Cuts are fairer = Consumption-tax cuts are fairer; Progressive = indicator that poor households benefit most from tax

cuts; Prefers tax exemption = indicator that respondent prefers tax cuts over social assistance.

The control group is not shown a second video after the neutral explainer is shown to all respon-
dents. The treatment effects should therefore be interpreted as the effect of exposure to a short,
realistic information intervention relative to a common baseline explanation of program types,
noting that we do not hold video exposure time constant. This estimand is policy-relevant because
governments, civil society organizations, and media campaigns typically communicate informa-
tion through short, salient, and accessible messages, not through content-neutral placebo commu-
nications. The estimates may therefore combine the informational content of the videos with the
salience and engagement generated by receiving additional communication. We regard this as
part of the evaluated intervention. Because both treatment groups receive an additional educa-
tional video in a similar format, we will also compare the two treatment arms directly; differences
between these arms provide evidence on whether the specific content of the information mattered,
holding constant the broad salience and engagement associated with receiving a second video.
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3.6 Outcome variables

Our primary outcomes fall into three categories: the extent of support respondents express for
poverty reduction programs overall (overall support), their support for particular program types
(relative support), and support for consumption tax exemptions (tax exemptions). Secondary out-
comes capture the perceptions and beliefs corresponding to Boxes I-VIII of the conceptual frame-
work. In designing these measures, we follow recent survey methods for eliciting economic policy
preferences (Stantcheva, 2023). Full definitions of all variables, including question wording, re-

sponse scales, and coding, are given in Table 9.

3.6.1 Main outcome variables

Overall support. We measure overall support for poverty reduction programs using Likert-scale
items, in line with best practices described in Stantcheva (2023), and monetary support for given
budget splits (see Table 9, Panels H and I). For these outcome variables, respondents are not con-

strained, so they could express equally strong support for all poverty reduction programs.

Relative support. We measure relative support for poverty reduction programs using Likert-
scale items, program rankings and a budget-allocation exercise (Panels H and I). We are interested
in respondents’ differential support across program types, and particularly in their relative support

for cash transfers.

Tax exemptions. We are also interested in respondents’ views toward consumption tax exemp-
tions, as governments prioritize these policies over spending for poverty reduction programs de-
spite their substantial shortcomings. We measure, on qualitative scales, whether respondents be-
lieve tax exemptions are a good policy, fair, less prone to corruption, and progressive, and the
extent to which they prefer them relative to unconditional cash transfers and public works pro-
grams (Panel K). We use public works as a second comparator as this was the most popular type

of poverty reduction program in the small-scale pilots of the survey.

3.6.2 Constructing indices for primary outcomes

To summarize the multiple variables captured within each of our three primary outcome fami-
lies (overall support, relative support, and tax exemptions), we construct a standardized index for
each family. For each component item, we standardize responses into z-scores using the mean and
standard deviation of the control group, pooled across all eight countries, so that the standardized
variable has a mean of zero and a standard deviation of one in the pooled control group. Items
are signed so that higher values indicate greater support for poverty reduction spending, greater
relative support for cash transfer programs, and greater support for consumption tax exemptions,
respectively. Each index is then computed as the unweighted average of the standardized compo-
nent items, where the average is taken over non-missing items for each respondent. The resulting
average is then re-standardized using the mean and standard deviation of the control group, again
pooled across countries, so that each index has mean zero and standard deviation one in the pooled
control group; this is the scale in which the minimum detectable effects in Section 3.7 are expressed.
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This three-step procedure follows the standard approach to summary indices in the experimental
literature (Kling et al., 2007; Anderson, 2008; Dechezleprétre et al., 2025). We use a common scale
throughout the paper rather than standardizing within each country for two reasons. A within-
country scale would make the same underlying effect appear larger where responses happen to
be less dispersed. More fundamentally, because the index is an average of item z-scores, the item-
level standard deviations determine the implicit weight each item carries: standardizing within
country would make the index a differently weighted combination of the underlying items in each

country, so that the country-specific estimates would not be estimates of the same quantity.

The components of each index are as follows.

Overall support index. The Overall support family is split into two indices, capturing qualita-
tive and quantitative measures of support, respectively. The qualitative index combines five-point
Likert items measuring general support for poverty reduction spending and support for each of
the four core program types (UCTs, CCTs, in-kind transfers, public works programs), each coded
from 1 (strongly oppose) to 5 (strongly support), and the support item for the randomly assigned
fifth program (asset transfers or personalized tax refunds). We report two versions of this index:
Index (core), which excludes the randomized fifth-program item, and Index (all), which includes it.
The quantitative index combines respondents” preferred levels of total social assistance spending
(relative to the “typical” amount we present as an anchor) under the seven hypothetical budget
allocations elicited in the budget-allocation module: an even split across programs, allocations de-
voted entirely to each of the four core programs, the respondent’s own preferred allocation, and
the current government allocation. Write-in values replace slider responses that are at the upper

cap, ensuring that the measure is not censored at the slider maximum.

Relative supportindex. This index, calculated separately for each program type, combines three
measures of relative support: the five-point Likert item measuring support for the program type;
the rank of the program type (from the bottom, so higher values are more preferred) in the ranking
exercise including the randomized fifth program type; and the share of the budget allocated to the
program type in the budget-allocation module.!? Because the Effectiveness treatment is specifically
designed to correct beliefs that depress support for cash transfers (that recipients waste money and
reduce labor supply), we create an additional “cash transfer support index” that captures support
for both unconditional and conditional cash transfers (UCT and CCT).

Tax exemptions index. This index combines five measures of support for consumption tax ex-
emptions relative to targeted social assistance: the three five-point agreement scales measuring
whether respondents regard reducing consumption taxes as a good way to support poor families,
as helping poor families more than the comparator program, and as fairer than the comparator; a
dummy equal to one if respondents say poorer households benefit most from tax exemptions (Pro-
gressive); and a dummy equal to one if respondents choose a tax-exemption reduction over the
randomly assigned comparator program (either UCTs or public works) when asked which they
would prefer to fund. All five components directly capture beliefs about the incidence and distri-

12 As the budget allocation is only among the four “core” program types, this element is omitted for the fifth program

type.
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butional fairness of tax exemptions, which is the mechanism the Effectiveness treatment is designed
to affect. The sixth item in Panel K—whether respondents believe tax exemptions are less prone to
waste and corruption than social assistance programs—is conceptually distinct (it captures beliefs
about administrative integrity rather than distributional incidence) and is therefore reported as a

standalone descriptive item rather than included in the index.

3.6.3 Secondary outcome variables

Our secondary outcomes capture the perceptions and beliefs represented in Boxes I-VIII of the
conceptual framework (see Table 9, Panels C-G).

Self-interest (Box I, Panel C). Self-interested motivations are measured through questions on
current and expected benefit receipt, own perception of position on the income scale and likelihood
of being in poverty, and perceived exposure to tax changes. In line with hypothesis Hla, we focus
on Family currently/expects to benefit (Panel C) as our primary measure of self-interest; we also show
robustness to measuring self-interest using a Self-interest index comprising Family currently/expects
to benefit, Another family benefits, Subjectively poor, and Likelihood of becoming poor. These items are
primarily used as predictor variables in the correlates regressions since they are measured prior to

the treatment.

General views on poverty and government (Boxes II-IV, Panels D-E). Perceptions of poverty
(Box II) and concern for the poor (Box III) are measured through Likert items on the prevalence
and severity of poverty and how much respondents care about the poor, together with beliefs
about whether poor households can escape poverty and the causes of poverty. Values regarding
equality and government responsibility correspond to Box IV. To summarize these items, we con-
struct five standardized indices (Panel E) using the same three-step z-score procedure described in
Section 3.6.2: a Perception of poverty index, a Concern for the poor index, an Internal causes of poverty in-
dex (poverty attributed to individual factors), an External causes of poverty index (poverty attributed
to structural factors), and a Role of government index.

Program-specific effectiveness beliefs (Boxes V-VIII, Panels F-G). Beliefs about the effective-
ness of different program types are measured using two types of instruments. First, respondents
assign a series of attribute statements to program types—for example, whether a program makes
people work less or helps households escape poverty in the long run. For each program p € {UCT,
CCT, In-kind, Public works, Fifth program}, we summarize these items in four standardized
indices (Panel G): a Waste and corruption index (p), a Targeting accuracy index (p), a Benefits-for-
beneficiaries index (p), and a Distortions and spillovers index (p). Second, respondents complete a
leaky bucket exercise in which they allocate hypothetical government spending across intended
beneficiaries, unintended beneficiaries, administrative costs, and corruption. Third, we ask re-
spondents directly about their perception of different programs’ direct benefit for beneficiaries
relative to unconditional cash transfers.

Correspondence with the welfare framework. Several of these measures correspond directly to
objects in Section 2.1. The leaky bucket exercise elicits the perceived share of spending that reaches
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intended beneficiaries (Reaches the poor, Panel F of Table 9), which is the respondent’s perception of
«. The pairwise vignettes elicit the implicit valuation of each program relative to an unconditional
cash transfer (Implicit relative valuation, Panel J), which is the respondent’s perception of beneficia-
ries’ 6, normalized to one for cash by construction. The Distortions and spillovers index (Panel G)
captures the indirect costs and benefits that enter € and, where they operate through the public
finances, FE. While we do not directly attempt to recover respondents” welfare weights 1 or how
they perceive beneficiaries’ marginal utilities of income A, the questions on self-interest, perception

of poverty, and concern for the poor target the same underlying preferences and beliefs.

Open-ended responses. Two open-ended questions ask respondents to explain the reasoning
behind their choices: the main reason for preferring their top-ranked program, and the rationale
for their budget allocation.

3.7 Sample and statistical power

Our target sample size is 2,000 respondents in each country, giving a total sample size of 16,000
across the eight study countries. This sample size was determined by examining the sample size of
other cross-country randomized survey experiments in this field and conducting statistical power

calculations.

Under the randomization described in Section 3.4, respondents are allocated to three mutually ex-
clusive treatment cells. Two video treatments (Conditions faced by the Poor and Effectiveness)
each account for 30% of the sample, while 40% of the sample is assigned to the control group.
Hence, within each country, approximately 600 respondents will be assigned to each treatment
group (1,200 in total) and 800 to the control group. The larger share allocated to control (40% ver-
sus 30% per treatment arm) reflects two considerations. First, the raw means of baseline support
for poverty reduction programs and of attitudes toward consumption tax exemptions are com-
puted on the control group only, since these items are elicited after the treatment stage for every
respondent (Section 4.2); a larger control group improves the precision of these estimates. Second,
the additional control-group observations increase statistical power for the pooled treatment-effect
estimates, because in this specification both treatment arms are compared against the same control
group. Haaland et al. (2023) summarize best practices in online randomized survey experiments
providing information interventions, and suggest that having in the order of 700 respondents per
treatment/control group should provide adequate power to detect a meaningful effect if one ex-
ists. As a result, the comparison between a single treatment (600 respondents) and the control
group (800 respondents) in a single country is powered as recommended.

We consider three broad scenarios for specific power calculations. The first is to consider the min-
imum detectable effect (MDE) (with type one and type two errors set at probabilities of 0.05 and
0.2, respectively) from receiving any of the main treatments on a single binary outcome - for exam-
ple, collapsing a 5 point Likert-scale into a dummy variable that takes the value of 1 for strongly
support and support, and 0 otherwise. The survey experiment could detect an effect of roughly 6.4
percentage points, assuming 50 percent of the control group agrees with the statement in question.

The second is to consider the MDE (with the standard probability of type one and type two errors
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of 0.05 and 0.2) from a single treatment on a single binary outcome (using the example of collapsing
a 5-point scale into a dummy variable that takes the value of 1 for strongly support or support and
0 otherwise). This is similar to the first scenario, but instead of combining the treatment groups,
they are treated separately. The survey experiment could detect an effect of about 7.6 percentage

points, assuming 50 percent of the control group agrees with the statement in the question.

The third is to consider the MDE for a subset of respondents from a single treatment on a sin-
gle binary outcome. In this case, the underlying sample size in each of the treatment and control
groups will shrink based on the prior beliefs and preferences of respondents. Three examples are
considered, the first covering 75 percent of all respondents, the second covering 50 percent of all
respondents and the third covering 25 percent of all respondents. The effect size that could be de-
tected with these smaller sample sizes are shown in Table 7, once again based on the conservative

assumption of 50 percent of the control group agreeing with the statement in the question.

Table 7: How the minimum detectable effect in a single country varies based on sample size

600/800 450/600 300/400 150/200
(100%) (75%) (50%) (25%)
Respondents in the combined treat- 100% 75% 50% 25%
ment/control group with a particular prior
belief / preference
Minimum detectable effect (percentage 7.6 8.7 10.7 15.1
points)

Note: This table shows how the minimum detectable effect in a single country varies based on the sample size.

These calculations imply that the study is well powered for analyses even within a single country
and adequately powered for the principal treatment-control contrasts within countries, especially
where treatment arms are combined in line with the main hypotheses. However, power will be
more limited for highly disaggregated comparisons, treatment interactions, and subgroup analyses
within individual countries. We therefore treat the main treatment-control contrasts as our primary

focus and interpret more granular heterogeneity analyses with appropriate caution.

There are at least three reasons to believe the randomized survey experiment will potentially have
much higher statistical power to detect effects than what is presented above. Firstly, in the instance
whereby the mean in the control group for a binary outcome is higher or lower than 0.5, the MDE
will be smaller. Secondly, by pooling data across countries (with country fixed effects as discussed
in the following section), there will be substantially more power to detect an impact from the
treatments. Yet, it is hard to quantify this ex-ante as it will depend on variation between countries.
Thirdly, three main indices will be created across the outcome variables (see the following Section
for details), and it will be easier to detect an effect on these indices than on a single outcome.
However, the extent to which this is the case will vary depending on how consistent the treatment

effects are across the outcomes.

Power for the primary outcome indices. The calculations above describe a single binary item in
a single country, and are deliberately conservative. Our pre-specified primary outcomes, however,

are the standardized indices defined in Section 3.6.2 — the qualitative and quantitative absolute-
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support indices, the relative-support index for cash transfers (both UCT on its own and UCT + CCT
combined), and the tax-exemptions index — pooled across countries with country fixed effects. We
therefore also report MDEs for this estimand directly. Because each index is standardized to have
a standard deviation of one in the control group, MDEs are naturally expressed in control-group
standard-deviation (SD) units. Under the 40/30/30 allocation described in Section 3.4, the full
sample yields approximately 6,400 control respondents, 9,600 in the two treatment arms combined,
and 4,800 in each individual arm. Table 8 reports the resulting MDEs for the principal pooled
contrasts.

Table 8: Minimum detectable effects for primary outcome indices, pooled across countries (SD
units)

Contrast Treatment N Comparison N MDE (SD)
Pooled treatment vs. control (Panel A) 9,600 6,400 0.045
Single treatment arm vs. control (Panel B) 4,800 6,400 0.054
Conditions faced by the Poor vs. Effective- 4,800 4,800 0.057
ness

Financing assumption, pairwise (Hb5a) 5,333 5,333 0.054
Pooled treatment x median-split interac- — — 0.090
tion

Single arm x median-split interaction — — 0.107

Note: Calculations assume & = 0.05 (two-sided), power 0.80, and a control-group SD of one. Interaction rows give the
MDE for the difference in treatment effects across a within-country median split of a pre-treatment moderator. These
MBDEs are conservative in three respects: they ignore the residual-variance reduction from the country fixed effects
and pre-specified covariates; they treat each index as having unit residual SD even though aggregation of multiple
standardized items into an index reduces idiosyncratic noise relative to any single component; and they assume equal
treatment- and control-group variances.

These figures indicate that the study is well powered for its primary analyses: the pooled treatment—
control contrast on each index can detect effects of approximately 0.045 SD, and the individual-arm
contrasts approximately 0.054 SD. We regard an effect of 0.05 SD on a primary index as the smallest
magnitude that is substantively meaningful for the policy questions motivating this study, and the

pooled and single-arm contrasts are powered at or below this threshold.

The three financing assumptions in H5a are randomized independently of treatment assignment
and with equal probability, so each is seen by approximately 5,333 respondents and a pairwise
contrast between two assumptions is powered at approximately 0.054 SD—the same as a single
treatment arm against control. Power against the conjunction H5a requires is somewhat lower,

since it asks for both pairwise differences.

Consistent with the caveats above, the design is slightly less well powered for disaggregated analy-
ses. The median-split heterogeneity tests in Equation (5) in Section 4.4 can detect interaction effects
of approximately 0.09 SD (pooled treatment) and 0.11 SD (single arm) in the full sample; the H4a,
H4b, and H4c analysis, which is restricted to the half of respondents who answered the views
on poverty and poverty reduction in general and the effectiveness modules before treatment, is
powered for interaction effects of roughly 0.15 SD. H4d and the six additional prespecified mod-
erators are estimated on the full sample, and are therefore powered at the 0.09-0.11 SD figures
above, as is the module-placement test described below. Country-specific index estimates are cor-
respondingly imprecise—with per-country MDEs of approximately 0.13 SD (pooled) and 0.15 SD
(single arm)—which is why we will treat the pooled estimates as our primary evidence and report
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country-specific and granular heterogeneity results in an appendix.

3.8 Placement of the belief modules relative to treatment

The Views on poverty and Beliefs about program effectiveness (‘beliefs and perceptions’) modules are
randomly placed either before or after the treatment stage (Section 3.3). This enables us to estimate
“first-stage” treatment effects on beliefs and perceptions using the half of the sample that saw these
modules after treatment (the first additional analysis in Section 4.5). The beliefs and perceptions
modules include many beliefs the videos do not address, which is what allows us to ask whether
a treatment moves the beliefs it targets and leaves others unchanged (Section 5.3). We can also test
heterogeneous effects depending on beliefs and perceptions, as per hypotheses H4a-H4c, using
the other half of the sample, which answered these questions before treatment. A reduction in the

sample size by half causes the minimum detectable effect in these analyses to increase by a factor

of v/2.

The cost is limited to those two analyses. The primary experimental hypotheses H2a-H2d are
tested using the full sample, since the primary outcome questions are asked after the treatment
stage for all respondents. Similarly, the tests of the treatment effects on agreement with the six
specific claims in the videos (‘manipulation checks’) use the full sample, as the relevant questions
are asked at the end of the survey for all respondents (Panel M of Table 9). Tests for Hypothesis H4d
and other hypotheses regarding heterogeneity by background characteristics are also unaffected,
as all respondents are asked the relevant questions before the treatment.

We prefer this to either fixed-placement alternative. Administering the modules before treatment
to all respondents would mean we could not measure effects on the full battery of “first-stage”
beliefs and perceptions, beyond the six claims covered by the manipulation checks, depriving us
of information about the mechanism by which the treatments affect support for different poverty
reduction programs. Administering both modules after treatment to all respondents would leave
no pre-treatment measure of the beliefs in Boxes II-VIII, so H4a—H4c could not be tested at all. We
acknowledge that a reader who placed a different relative weight on the heterogeneity tests and
the evidence on mechanisms would reasonably have chosen differently.

A third option—measuring views and perceptions after treatment for everyone, but moving a few
items forward to partition respondents for the heterogeneity analysis—does not avoid this trade-
off. Any item moved forward is no longer available for measuring “first-stage” effects. Moreover,
the moderators for H4a-H4c are indices rather than single items, so either every constituent item
would need to be moved forward or the partition would rest on a noisier proxy, which would
cause attenuation bias. The difficulty is greatest for H4c, whose moderator comprises all fourteen
program-characteristic items for each of the four core programs; moving them all forward would
essentially amount to the first alternative above. Duplicating questions could avoid this problem
but might confuse respondents (especially in the control group) and would likely increase survey
fatigue, negatively affecting response quality throughout the survey.

The randomization brings two further advantages. First, we can test whether the placement of
these modules affects the measured treatment effects (see Section 4.5); placing them before the
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treatment might, for example, reduce treatment effects as respondents try to maintain consistency
with their previous answers (Haaland et al., 2023). Second, within the control group, who see no
treatment video under either placement, we can test whether position in the survey affects the
answers to the belief questions themselves, which bears on the interpretation of descriptive means
(Section 4.2).

3.9 Variation from the intended sample size

The two principal sources of deviation from the intended sample are partial completions and inat-

tentive responding.

Partial completions. Respondents who exit before reaching the final page of the survey are not
counted toward the target of 2,000 complete responses per country (see Data collection and process-
ing below) and are excluded from the analytical sample. Dropping partial completions is standard
practice in online survey experiments, and is consistent with the design: the survey platform re-
quires a response to each item before the respondent can advance, so a partial completion reflects
an exit from the survey rather than item non-response within a completed interview. In both
small-scale pilots, completion rates among those who passed the initial screening were high, and

we expect similar rates in the main wave.

Inattentive responding. The survey tests whether respondents are paying adequate attention
through a program knowledge check administered immediately after the explainer video. Re-
spondents are informed they will be quizzed after the video, and those scoring below 7 out of 10
are shown the correct answers and asked to retake the quiz; those who fail the second attempt
are excluded from the analytical sample. Based on our small-scale pilot data, we expect around
90 percent of respondents to adequately complete the quiz. Because this exclusion occurs before
randomization, it is a pre-randomization screen rather than attrition. To guard against under-
recruitment after this exclusion, the survey firm will recruit a modest buffer of around ten percent
above the 2,000-per-country target, consistent with the approach taken in the small-scale pilots.
Importantly, respondents in the two treatment arms also complete a post-video comprehension
question; however, those who answer incorrectly are not excluded from the analysis. Their score

is recorded and used in the data-quality robustness checks described in Section 4.8.7.

3.10 Data collection and processing

Primary data collection will be conducted through our online survey. Stopping rule: data col-
lection in each country will cease once 2,200 complete responses have been recorded (defined as
reaching the final page of the survey). No interim analyses will be conducted during fieldwork,
and the stopping criterion is fixed ex ante and independent of any observed outcomes. We will
run the survey once in each country, allowing individuals who participate in the survey to re-
spond only once. Based on previous studies, we expect the data collection process to take only a
matter of days in each country.
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3.10.1 Data management

Because the survey collects no personally identifiable information, data management is straightfor-
ward. Respondent anonymity is protected by a structural decoupling between contact information
and survey responses: the survey firm contacts respondents and distributes survey links but never
receives their answers, while the survey platform (Alchemer) hosts the responses but holds no
contact details. Neither the survey firm nor the research team has access to both a respondent’s
identity and their answers. In the unlikely event that personally identifiable information is in-
advertently shared with the research team, it will be deleted immediately. The analytical dataset
provided to the research team will therefore contain no information that could identify individual
respondents. The anonymized dataset and replication code will be made publicly available upon

publication.

3.10.2 Small-scale pilot data

We conducted three small-scale pilot surveys prior to the full-scale launch across countries, each
targeting an analysis sample of around 200 respondents. The first (Kenya, December 2025) ran

without any experimental treatments and had the following objectives:

Eliciting first-order concerns In line with previous survey experiments (see Stantcheva, 2020,
and Ferrario and Stantcheva, 2022), we make use of open-ended questions to understand the
topics that are at the top of respondents’ minds.!® In particular, we asked respondents their
views about what the government can do to reduce poverty, for their feedback on the survey
and the logic behind the choices they made. These responses were used to inform the options

provided in the closed-ended questions of the final survey.

Understanding of questions The first small-scale pilot was important for checking that re-
spondents understand what we are asking in each question. This is particularly important for
questions that require an understanding of mathematics or that ask about potentially com-
plex economic topics. To check this, we include consistency checks throughout the survey,
which either explicitly ask the respondent to confirm their understanding, or implicitly do so
by asking a follow-up question that should align with their previous response. If responses
consistently do not align, this would suggest that respondents do not fully understand the

questions.

Engagement and fatigue The first small-scale pilot also allowed us to estimate respondent
engagement and fatigue. We do this in a number of ways, including looking for patterns
in responses, the time spent on a page, and the number of words used in open-ended ques-
tions. We also randomize the order of sections of the survey, allowing us to analyze different

response patterns depending on where a question appears.

The second small-scale pilot (Kenya, May 2026) introduced the two video treatments. It also in-
cluded a third arm using AVA, an Al chatbot developed by the World Bank, as an additional
information treatment. This arm was subsequently dropped from the main study design because

AVA did not reliably generate contextually appropriate responses for the target audience.

13Gee Haaland, Roth, Stantcheva and Wohlfart (2024a) for a review of the use of open-ended questions in surveys.
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A third small-scale pilot (Nigeria, May 2026) replicated the two video treatment design and pro-
vided initial evidence on the cross-country generalizability of the survey instrument. As we show
in Tables A1 to A4 in Appendix B, based on our pre-specified construction of outcomes, we already
observe meaningful effect sizes from both video treatments in the second and third small-scale pi-
lots. This provides considerable assurance that the main study will be adequately powered to

detect meaningful effects if they exist.

Importantly, the small-scale pilot data will not be used for our main analysis, and we are also open
to disregarding the full-scale wave of data collection from Summer 2026 if required to address
reviewer feedback.

4 Empirical analysis

4.1 Coding of variables
Table 9: Variable definitions

Variable Definition

Panel A: Treatment assignment (indicator variables)

Treatment: Control Respondent was randomized to see no information video, i.e. the control
group (usually omitted category in regressions).

Treatment: Conditions faced by the Respondent was randomized to see the video describing the living

Poor conditions, vulnerabilities, and opportunities faced by poor households.

Treatment: Effectiveness Respondent was randomized to see the video that addresses common but
empirically incorrect beliefs about social assistance programs.

Fifth program Categorical variable indicating which program the respondent saw as the
(randomly assigned) fifth program in addition to UCT, CCT, in-kind, and
public works. Values: Asset transfers, Personalized tax refunds

Budget-constraint: foreign donors  Indicator for the funding assumption in Panel I being “spending will be
paid for by foreign donor countries”.

Budget-constraint: higher taxes Indicator for the funding assumption in Panel I being “spending will result
in higher taxes for the general population”.

Budget-constraint: spending cuts Indicator for the funding assumption in Panel I being “spending will result
in lower government spending on other things”.

Consumption-tax comparator Categorical variable for which social-assistance program is used as the
comparator in the consumption-tax vs. social-assistance module.

Panel B: Socio-economic characteristics and background views (indicator variables unless noted)

Age 18-24 Respondent is 18-24 years old (usually omitted category).
Age 25-34 Respondent is 25-34 years old.

Age 3549 Respondent is 3549 years old.

Age 50+ Respondent is 50 or older.

Male Respondent reports gender as male (usually omitted).
Female Respondent reports gender as female.

Other / prefer not to say (gender) = Respondent reports gender as “other or prefer not to say”.
National Respondent is a national of the surveyed country.

Resident Respondent currently lives in the surveyed country.

Continued on next page

31



Table 9 — continued from previous page

Variable Definition

Ethnicity Categorical variable for the respondent’s ethnic group, asked in Brazil,
Colombia, Kenya and South Africa. Categories are country-specific (e.g. in
Kenya: Kikuyu, Luhya, Luo, Kalenjin, Kamba, Other, Prefer not to say).

Religion Categorical variable for the respondent’s religious affiliation, asked in
Egypt, India, Indonesia and Nigeria. Categories are country-specific.

Largest group Indicator equal to 1 if the respondent reports belonging to the largest ethnic

Largest group among poor

Large city
Small city /town
Rural

Single
Married
Divorced
Widowed

No education

Primary education
Secondary education

Post-secondary, non-university

University

Employee with contract

Employee without contract
Self-employed or business owner
Not working, looking for work
Not working, not looking
Student

Personal income (categorical)

Household adults
Household children
Per-adult household income
(categorical)

Risk tolerance

Altruism

or religious group in their country, as recorded in the most recent census or
equivalent national statistics; 0 otherwise; missing if “Prefer not to say”.
Indicator equal to 1 if the respondent reports belonging to the ethnic or
religious group that is the largest among the poorest 20% of people by
equivalized household income in their country. Data on the largest ethnic
or religious group among the poorest 20% will be sourced from nationally
representative household surveys. The variable will be coded as missing
where these data are not available.

Respondent lives in the largest urban areas of the country (e.g. Nairobi or
Mombasa in Kenya).

Respondent lives in a town with fewer than one million but more than ten
thousand people.

Respondent lives in a small town or rural area with fewer than ten
thousand people.

Respondent reports marital status as single (usually omitted category).
Respondent reports marital status as married.

Respondent reports marital status as divorced.

Respondent reports marital status as widowed.

Respondent has not completed any formal education (usually omitted
category).

Highest level completed is primary school.

Highest level completed is secondary school.

Highest level completed is higher than secondary but not university (e.g.
vocational, diploma).

Respondent has at least a university degree.

Respondent is currently employed under a formal contract (usually
omitted category).

Respondent is currently employed without a formal contract.
Respondent is self-employed or owns a business.

Respondent is not currently working but is looking for work.
Respondent is not currently working and is not looking for work.
Respondent is a student.

Self-reported income from work in a typical month of 2025, in local
currency. Six brackets, country-specific.

Number of adults aged 18+ in the household. Coded 1, 2, 3, 4, 5+.
Number of children aged 0-17 in the household. Coded 0, 1, 2, 3, 4, 5+.
Respondents report total household income in a typical month of 2025, in
local currency, within six income brackets. The brackets are proportional to
the number of adults in the household.

Self-reported willingness to take risks, 1-5 slider (1 = very unwilling, 5 =
very willing).

Self-reported willingness to give to others without expecting anything in
return, 1-5 slider.

Continued on next page
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Table 9 — continued from previous page

Variable

Definition

Supports current government

Votes on poverty programs

Indicator equal to 1 if the respondent answers “Yes” to “Do you support
the current government?”; 0 if “No”; missing if “Prefer not to say”.
Respondent’s answer to “When choosing who to vote for in national
elections, do you consider candidates’ views on government programs to
help the poor?” Five ordered options coded 1-5: 1 = No, not at all; 2 = No,
not much; 3 = Neither yes nor no; 4 = Yes, a bit; 5 = Yes, a lot.

Panel C: Self-interest (Box I of the conceptual framework)

Heard of program x

Family currently/expects to benefit

Another family benefits

Subjective income group

Subjectively poor

Likelihood of becoming poor

Likelihood of escaping poverty

Exposure to consumption tax (loss)

Exposure to consumption tax (gain)

Indicator variables, one per country-specific social-assistance program
(sourced from ASPIRE), equal to 1 if the respondent indicates having heard
of that program.

Indicator equal to 1 if the respondent selects “Yes, my family” or “Both” in
response to “Does your family, or a family you know, currently benefit
from any of these programmes, or do you expect this to be the case in the
future?” for at least one program.

Indicator equal to 1 if the respondent selects “Yes, another family” or
“Both” in response to the same question for at least one program.
Respondent’s self-placement of their household among five equal-sized
national income groups, 1 (poorest) to 5 (richest).

Indicator equal to 1 if the respondent placed their household in the bottom
quintile (subjective income group = 1).

Self-reported likelihood of being in the poorest group at any point in the
next ten years, 1-5 slider (1 = very unlikely, 5 = very likely).

Self-reported likelihood of moving out of the poorest group within the next
ten years, 1-5 slider. Conditional on subjective income group =1,
otherwise missing.

Respondent’s answer to “If the government were to increase these
[consumption taxes on essential items], how much would your family lose
out financially compared to the average family in [country]?” 1-5 slider.
Half of respondents are asked the question in this framing, the other half are asked
the question in the gain framing.

Respondent’s answer to “If the government were to decrease these taxes,
how much would your family save financially compared to the average
family in [country]?” 1-5 slider. Half of respondents are asked the question in
this framing, the other half are asked the question in the loss framing.

Panel D: General views on poverty (Boxes II-1V)

Lives of the poor are harder

Concern for the poor (raw)

Most can escape if work hard

Respondent’s answer to “How hard do you think the lives of families in
the poorest group are compared to families in the middle group?” on a 1-5
scale (1 = not at all hard, 5 = extremely hard). When used as an indicator,
equals 1 if the respondent answers 4 or 5.

Respondent’s answer to “How concerned would you say you are about the
lives of families in the poorest group?” on a 1-5 scale.

Respondent’s answer to “What fraction of the families in the poorest group
do you think will move out of the poorest group within the next ten years
if they work hard?” Five labelled options: 1 = Nobody; 2 = Around a quarter;
3 = Half; 4 = Around three quarters; 5 = Everyone. When used as an indicator,
equals 1 if the respondent answers 4 (Around three quarters) or 5 (Everyone).

Continued on next page
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Table 9 — continued from previous page

Variable

Definition

Causes of poverty (1-5 scale, 1 = not
very important, 5 = very important):

Lack of ability or talent

Lack of effort

Poor life choices

Poor health

Lack of access to jobs

Lack of money to invest / high
credit costs

Low education

Normative views and role of
government (1-5 agreement scale;
indicator = 1 if respondent agrees or
strongly agrees, i.e. scale value > 4):
Right to basic goods
Right to a fair-wage job
Working-age should earn

Government should reduce
poverty
Government can reduce poverty

Prefers high taxes on wealthy

Importance attached to lack of ability or talent as a cause of poverty.
Importance attached to lack of effort.

Importance attached to poor life choices.

Importance attached to poor health.

Importance attached to lack of access to well-paying jobs.

Importance attached to lack of money to invest in a business or too high
borrowing costs.

Importance attached to low education.

“Everyone has a right to basic food, housing and healthcare.”
“Everyone should have access to a job that pays them a decent wage.”
“People of working age with access to jobs should earn their own living,
provided they are not disabled or have to take care of children.”

“It is the responsibility of governments to reduce poverty.”

“Governments have the capacity to effectively reduce poverty.”
Respondent’s answer to “What would do more to reduce the gap between
the rich and the poor in [country]?” Indicator equal to 1 if the respondent
chooses “High taxes on the wealthy and corporations to fund programmes
that help the poor” over “Low taxes on the wealthy and corporations to
encourage investment and economic growth”.

Panel E: Summary indices on general views

Perception of poverty index

Concern for the poor index

Internal causes of poverty index

Each index is constructed in three steps (following Kling et al., 2007;
Dechezleprétre et al., 2025): (i) each underlying variable is converted to a
z-score using the control-group mean and standard deviation, with signs
oriented consistently within domain; (ii) the z-scores are averaged; (iii) the
resulting average is standardized again by subtracting its mean and
dividing by its standard deviation.

Index based on: Lives of the poor are harder, —Most can escape if work hard.
Higher values indicate that the respondent perceives the lives of the poor
as harder and poverty as more difficult to escape.

Index based on: Concern for the poor (raw), Right to basic goods, Right to a
fair-wage job, —Working-age should earn. Higher values indicate stronger
concern for the welfare of poor people and stronger normative
commitment to supporting them.

Index based on the Causes of poverty sub-variables that attribute poverty to
individual characteristics: lack of ability, lack of effort, poor life choices,
poor health. Higher values indicate stronger attribution of poverty to
individual factors.

Continued on next page
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Table 9 — continued from previous page

Variable

Definition

External causes of poverty index

Role of government index

Index based on the Causes of poverty sub-variables that attribute poverty to
systemic factors: lack of access to well-paying jobs, lack of money/high
credit costs, low education. Higher values indicate stronger attribution of
poverty to systemic factors.

Index based on: Government should reduce poverty, Government can reduce
poverty, Prefers high taxes on wealthy. Higher values indicate stronger belief
that the government can and should play a role in reducing poverty.

Panel F: Perceived effectiveness of each program (Boxes V-VIII)

Box V — Perceived waste and
corruption

Wasted on bureaucracy (p)

Stolen by corrupt politicians (p)

Box VI — Perceived targeting accuracy

Leaks to non-poor (p)

Excludes the poor (p)

Box VII — Perceived benefits for
beneficiaries
Recipients waste help (p)
Helps escape poverty (p)

Protects against price risk (p)

Does not give what they want (p)
Burdensome to qualify (p)

Shameful for recipients (p)

Box VIII — Perceived distortions and
spillovers
Stimulates local economy (p)

Raises local prices (p)

Reduces labor supply (p)

Raises local wages (p)

Box V (general) — Allocation task:

Reaches the poor

Leaks to non-poor

All perception variables below are elicited separately for each of the five
programs p € {UCT, CCT, In-kind, Public works, Fifth program}. The two
“program characteristics” modules present each statement and ask the
respondent to tick all programs to which it applies. The variable is coded 1
if the respondent ticked program p and 0 otherwise.

“A lot of money [spent on this program] will be wasted on inefficient
government bureaucracy.”

“A lot of money [spent on this program] will be stolen by corrupt
politicians.”

“A lot of money [spent on this program] will go to people who are not
actually poor.” (Type II / inclusion error.)

“Many people who are genuinely poor will be left out [of this program].”
(Type I / exclusion error.)

“Recipients [of this program] waste the help they receive.”

“[This program] can help individuals escape poverty in the long run.”
“[This program] can protect recipients against fluctuations in prices of local
goods and services.”

“[This program] doesn’t give the poor what they really want.”

“It is too burdensome to qualify for this programme.”

“It is shameful for recipients to receive help from this programme.”

“[This program] can stimulate the local economy.”

“[This program] leads to higher prices for goods consumed by poor
people.”

“[This program] makes people work less.”

“[This program] leads to higher wages for regular jobs carried out by poor
people.”

“Suppose the government were to spend [amount] on social assistance
programs. How much would actually reach beneficiaries and where would
the rest go?” Four shares summing to [amount]:

Amount that goes to intended beneficiaries (poor families).

Amount that goes to unintended beneficiaries (non-poor families).

Continued on next page
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Table 9 — continued from previous page

Variable Definition
Administration Amount absorbed by the cost of administering the program.
Corruption Amount lost to corruption.

Panel G: Effectiveness indices (per program p)

Waste and corruption index (p)
Targeting accuracy index (p)

Benefits-for-beneficiaries index (p)

Distortions and spillovers index (p)

Constructed using the same three-step z-score procedure as the
general-view indices.

Index of Wasted on bureaucracy (p) and Stolen by corrupt politicians (p).
Higher = more perceived waste and corruption.

Index of —Leaks to non-poor (p) and —Excludes the poor (p). Higher = more
perceived targeting accuracy.

Index of Helps escape poverty (p), Protects against price risk (p), —Recipients
waste help (p), —Does not give what they want (p), —Shameful for recipients
(p), —Burdensome to qualify (p). Higher = more perceived benefits to
beneficiaries.

Index of Stimulates local economy (p), Raises local wages (p), —Raises local
prices (p), —Reduces labor supply (p). Higher = more positive spillovers.

Panel H: Outcomes — support for social assistance

Supports social assistance (general)

Supports program p

Support score p (Likert)

Rank of program p

Most preferred program

Indicator equal to 1 if the respondent answers “Support” or “Strongly
support” to a question on support for the government using social
assistance programs to support poor households.

For p € {UCT, CCT, In-kind, Public works, Fifth program}: indicator equal
to 1 if the respondent rates support for program p as 4 or 5 on the 1-5
Likert scale (1 = strongly oppose, 5 = strongly support).

Raw 1-5 Likert rating of support for program p, used as a continuous
outcome.

Integer rank from 1 (most preferred) to 4 (least preferred) elicited via a
drag-and-drop ordering of the four core programs. The fifth-program
question asks respondents to drag the fifth program into their existing
ordering, yielding a 1-5 ranking by insertion rather than a fresh elicitation.

Categorical variable indicating the program ranked first.

Panel I: Outcomes — preferred spending levels and allocation

Spending: even split

Spending: p only

Allocation share to p

For all questions on overall spending in this section, a randomly selected
third of respondents is told to assume each of (a) “spending will be paid
for by foreign donor countries”, (b) “spending will result in higher taxes
for the general population”, or (c) “spending will result in lower
government spending on other things”.

Preferred monthly spending per family member, in local currency, when
budget is split evenly across the four core programs. Slider range 0 to twice
the country-specific anchor amount; an open-ended text box captures
values above the slider maximum (capped at approximately five times the
anchor). Anchor amounts are 5% of GDP per capita (rounded).

For each program p: preferred monthly spending per family member if that
program were the only social-assistance program the government funded.
For each program p: share of a hypothetical social-assistance budget the
respondent allocates to program p. Shares sum to budget across the four
programs.

Continued on next page
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Table 9 — continued from previous page

Variable

Definition

Spending: preferred split

Spending: current (government)
split

Preferred monthly spending per family member under the respondent’s
own allocation. Continuous, with the same open-ended top-up.

Preferred monthly spending per family member under the country’s actual
current allocation across programs (from ASPIRE). Respondents are shown
the actual allocation as a diagram.

Panel J: Outcomes — pairwise comparisons | willingness-to-pay

For each pair q vs UCT, with
g € {CCT, In-kind, Public works}:
Most families would choose q

Most families would choose UCT

Implicit relative valuation of g

Indicator equal to 1 if the respondent thinks most poor families would
choose program g over a UCT of equal nominal value (country-specific
anchor amount A per family member per month, e.g. KSh 1,000 in Kenya);
0 if the respondent thinks most would choose UCT or that families would
be evenly split.

Indicator equal to 1 if the respondent thinks most poor families would
choose the UCT; 0 if the respondent thinks most would choose g or that
families would be evenly split. Both indicators are 0 when the respondent
selects Families would be evenly split between the two programmes; the WTP
follow-up is shown only to respondents who chose one program as
preferred.

Implicit valuation of g relative to UCT elicited as described in the main
text. Pre-set options at 1/2,2/3,4/5,10/11,1,1.1,1.25, 1.5, 2; open-ended
box for values below 1/2 (minimum approximately 1/5) and above 2
(maximum approximately 5).

Panel K: Outcomes — consumption-tax comparison

Consumption-tax cuts help the

poor

Consumption-tax cuts > social
assistance

Consumption-tax cuts are fairer

Who benefits most from tax cut

Less wasted: SA vs tax cut

Respondent’s answer to “Reducing taxes on essential goods for everyone is
a good way for the government to support poor families.” 1-5 Likert (1 =
strongly disagree, 5 = strongly agree); indicator = 1 if > 4.

Respondent’s answer to “Reducing taxes on essential goods for everyone
would help poor families more than [comparator program] would.” 1-5
Likert; indicator = 1 if > 4.

Respondent’s answer to “Reducing taxes on essential goods for everyone is
fairer than [comparator program] because everyone benefits.” 1-5 Likert;
indicator = 1 if > 4.

Respondent’s answer to “Who would benefit the most from reducing taxes
on essential goods for everyone?” Categorical: Richer households, Poorer
households, Rich and poor households would benefit the same, Don’t know. The
variable Progressive is an indicator equal to 1 if the respondent selects
Poorer households.

Respondent’s answer to “Which of the following do you think loses less
money to waste and corruption?” Categorical: [Comparator program] to poor
families, Reducing taxes on essential goods for everyone, About the same, Don’t
know. Indicator equal to 1 if respondent selects Reducing taxes on essential
goods for everyone.

Continued on next page
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Table 9 — continued from previous page

Variable

Definition

Preferred use of spending

Respondent’s answer to “Suppose the government has [amount] to help
poor families. Which of the following options would you prefer?”
Categorical: [Comparator program] to poor families, Reduce taxes on essential
goods for everyone, Split the amount between the two, Neither, Don’t know. The
variable Prefers tax exemption is an indicator equal to 1 if the respondent
selects Reduce taxes on essential goods for everyone.

Panel L: Real-stakes

Supports petition

“Real stakes” outcome: respondent’s answer to “Would you be willing to
support a petition promoting this type of programme? As soon as the
survey is complete, we will send the results to the president’s office,
informing them what share of people who took this survey were willing to
support this type of programme.” Indicator = 1 for Yes; 0 for No or Maybe.

Panel M: Manipulation checks

Conditions faced by the Poor:
Basic living conditions
Little room for error

Limited opportunities

Effectiveness of social assistance
programs:
Recipients waste money
Recipients work less
Tax cuts help more

Respondents are shown two multiple-select questions and asked to tick all
options that apply. Each item below is coded as an indicator equal to 1 if
the respondent selected that option and 0 otherwise.

“Poor people live in very basic living conditions.”
“Poor people live with very little room for error.”

“Poor people face more limited opportunities.”

“Poor people will waste the money they receive.”
“Poor people will work less when they receive money.”
“Reducing taxes on essential goods will benefit poor people more.”

Panel N: Quality-control and survey-feedback variables

Wants further information

Knowledge-check score (programs)

Knowledge-check score (treatment

video)

Survey perceived as biased

Completion time

Indicator equal to 1 if the respondent wrote a non-trivial response to “Is
there any further information you would like to know about the
programmes governments implement to support poor families?”
(open-ended text box).

Number of program—feature pairs the respondent matched correctly across
the two pre-treatment knowledge-check tables (out of 10). Respondents
scoring below 7 on their first attempt are shown correct answers and asked
to retake; those scoring below 7 on both attempts are excluded from the
analytical sample by the researchers (not automatically by the survey
software).

For respondents in the Conditions faced by the Poor or Effectiveness arms,
number of correct options selected on the post-video attention-check
(maximum 3 per arm: three factual claims from the video, with “None of
the above” as the trap option).

Indicator equal to 1 if the respondent answers “Yes” to “Do you feel this
survey was politically biased?”

Time in minutes between consent and the last substantive question. Used
to drop respondents in the bottom percentile (speeders).
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4.2 Descriptive analysis

In this section, we describe beliefs and attitudes toward poverty reduction programs, examine how
they are related, and test our descriptive hypotheses (Hla-H1c and H3a-H3c). These analyses
describe correlations. They are not tests of the conceptual framework, and a positive correlation
between a belief and support is not evidence that the belief causes support: the two may be related
through characteristics we do not observe, or through reasoning that runs in the opposite direction.
Because no causal claims are made, no multiple-testing corrections are applied to any analysis in

this section.

We report these descriptive results for three reasons. First, the correlations are new in their own
right: there is at present no cross-country descriptive evidence of how support for particular
poverty reduction programs relates to beliefs about poverty and perceptions about program ef-
fectiveness. Second, they identify which beliefs are candidates for the channels through which in-
formation might shift support, and the experiment then supplies the causal variation with which
to test them. Third, they provide the belief-support slopes used in the consistency check in Sec-
tion 4.5, which asks whether the treatment effects we measure are consistent with the magnitude
implied by the belief shifts the treatments produce; without the descriptive analysis, that compar-
ison could not be made.

We report the correlations with and without adjustment for individual characteristics. Adjustment
is not intended to deliver a causal interpretation but enables us to distinguish correlations that are
explained by observable characteristics such as age, education or income from correlations that
remain holding those characteristics fixed. All standard errors reported and used to construct con-
tidence intervals will be HC1 heteroskedasticity-robust standard errors. Descriptive statistics are
presented for the unweighted online sample. Survey-weighted descriptive statistics are reported

in an appendix.

4.271 Raw means

Following Dechezleprétre et al. (2025), we will present raw means of key variables in the form
of heat-map tables. This is intended to give readers an overview of the commonalities and dif-
ferences in attitudes toward poverty reduction programs and consumption tax exemptions in dif-
ferent countries. Raw means are based on the control group only (baseline support for poverty
reduction programs, and attitudes towards consumption tax exemptions) or on the control group
and the part of the treatment group that are treated after being asked the relevant questions (gen-
eral views on poverty and program-specific effectiveness beliefs).!* This ensures that they are not

contaminated by treatment-induced shifts in beliefs or support.

Baseline support for poverty reduction programs. We will report country means of support for
each program type (somewhat support or strongly support) in a heat-map table with countries as
columns and program types as rows. Means by country income group (lower middle income and

upper middle income) will be shown as additional columns.

14We will check whether the different order in which the questions on general views on poverty, program-specific
effectiveness beliefs, and support for poverty reduction programs are asked affects how they are answered by the control

group.
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General views on poverty. We will report country means for the items in Panel D of Table 9—
poverty perceptions, raw concern for the poor, causes of poverty, normative views on poverty and
inequality, and beliefs about the role of government—in a similar heat-map table with countries as

columns and items as rows, with additional columns showing country income group means.

Program-specific effectiveness beliefs. Means for the program-specific effectiveness belief items
in Panel F of Table 9—capturing views on waste and corruption, targeting accuracy, beneficiary
benefits, and distortions and spillovers (Boxes V-VIII of the conceptual framework)—will likewise
be presented in a heat-map table but with program types as columns and beliefs as rows, broken
down by country income group (see Figure Al in Appendix B for an example based on data from
the small-scale pilots). Results for individual countries will be presented in an appendix).

Attitudes toward consumption tax exemptions. We will report country means of the items in
Panel K of Table 9 in a heat-map table with countries (and country income groups) as columns and
items as rows. The five components of the tax exemptions index (views on whether exemptions are
a good policy, help the poor, are fairer than alternatives, and are progressive, plus the preference
for exemptions over targeted social assistance) will be shown alongside the standalone item on
perceived susceptibility to corruption, which is excluded from the index because it captures beliefs
about administrative integrity rather than distributional incidence.

In addition, we will show raw means of measures that could affect self-interested motivation in an
appendix. These will be based on the full sample, as all relevant questions are asked prior to the
treatment.

4.2.2 Conditional correlations

To examine Hla-H1c—the roles of self-interest, perceptions of poverty, and effectiveness beliefs—
we will use OLS regressions of the form

Yei = &c+ dézﬂ + :c;l-'y =+ zéi‘s + € 3)

where y,; is a primary outcome index for individual i in country c; &, is a country fixed effect; d,; is
a vector of treatment group indicators; x.; is a vector of individual characteristics from Panel B of
Table 9 in our main specification—namely age, gender, ethnicity, urban/rural indicators, marital
status, education level, employment status, and support for current government—but we will also
estimate versions with no controls; z; is a vector of standardized variables measuring respondents’
“first-stage” beliefs and perceptions. z.; comprises:

* As a measure of respondent self-interest, Family currently/expects to benefit (Panel C), stan-
dardized to facilitate comparisons across different determinants of support. (We will show
robustness to including the Self-interest index instead.)

* As measures of general views on poverty, the Perception of poverty, Concern for the poor, In-
ternal causes of poverty (poverty attributed to individual factors), External causes of poverty
(poverty attributed to structural factors), and Role of government indices (all Panel E).
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* As measures of Program effectiveness, the Waste and corruption, Targeting accuracy, Benefits-
for-beneficiaries and distortions and spillovers indices, separately for each program (all Panel G).!>

Where the outcome is a Relative support index, we will also include respondents’ view of

beneficiaries” implicit valuation (relative to an unconditional cash transfer) for the three other

core program types (Panel J) as additional regressors.

The treatment indicators absorb any post-treatment shifts in outcomes, so the analysis can be con-
ducted on the full sample. The parameters of interest are the ds, which capture the conditional
correlations between the beliefs and perceptions set out in our conceptual framework and the pri-

mary outcome variables. In particular, we expect to show:

¢ For regressions where the dependent variable is one of the three different versions of the
Overall support index (see section 3.6.2), we will, at a minimum, show the coefficients and
corresponding confidence intervals on the measure of respondent self-interest and on the five
different indices of general views on poverty. If the coefficient on the measure of respondent
self-interest is positive and significantly different from zero, this will support hypothesis
Hl1a; if the coefficient on the Perception of poverty index is positive and significantly different
from zero, this will support hypothesis Hlb. We expect to show the relevant coefficients and
confidence intervals in a coefficient plot with different symbols for the three different Overall

support indices.

¢ For regressions where the dependent variable is a Relative support index for a specific pro-
gram type, we will, at a minimum, show the coefficients and corresponding confidence in-
tervals on the Program effectiveness indices (Waste and corruption, Targeting accuracy, Benefits-
for-beneficiaries and distortions and spillovers) for the same program type (values for all program
types are included in all regressions). If the coefficients on these indices are positive and
significantly different from zero, this will support hypothesis Hlc. We expect to show the
relevant coefficients and confidence intervals in a coefficient plot with different symbols for
the six different Relative support indices (see Panel A of Figure A2 in Appendix B for an

example based on data from the small-scale pilots).

In an appendix, we expect to show the full coefficient vector with standard errors for the regres-
sions described above, as well as from a regression of the same form where the dependent variable
is the Tax exemption index. For predictors where the effect is heterogeneous across countries, we
additionally show country-specific coefficients as in Dechezleprétre et al. (2025).

4.2.3 Variance decomposition

We will decompose the variance in each primary outcome index that is attributable to the different
“first-stage” beliefs and perceptions using the LMG method (Lindeman et al., 1980; Gromping,
2007). LMG allocates R? across predictors in a way that is invariant to predictor ordering, making
it well-suited to comparing the relative importance of conceptually distinct predictor groups. The
analysis will be conducted on the full sample and include country fixed effects a. in addition to

the vector of “first-stage” beliefs and perceptions z;.

15We will also report results for a version with only own-program effectiveness beliefs as a supplementary analysis
to address potential concerns about multicollinearity.
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Results will be presented as bar charts of the LMG-attributed R? shares by outcome; we will group
together predictors and/or restrict the chart to the most important ones (see Panel B of Figure A2
in Appendix B for an example based on data from the small-scale pilots). We will report the shares

attributable to all predictors individually in an appendix.

4.2.4 Additional descriptive analysis

All results in this section will be reported both for the full sample and separately for the control

group only.

Spending support and allocation alignment. To address H3a, we will compare respondents’ ex-
pressed spending support across the seven hypothetical budget allocations in Panel I of Table 9: an
even split across programs, each program in isolation, the respondent’s own preferred allocation,
and the current government allocation. H3a predicts that spending support is highest when the
allocation corresponds to the respondent’s own preferred program mix. We test this directly by
comparing, within respondents, the spending levels elicited under the preferred allocation versus
the even-split and government allocations. The A Spending vs preferred variable (Panel I) summa-
rizes the within-respondent difference.

Country-level program alignment. To address H3b, we will examine whether support for spe-
cific program types is higher in countries where those programs are more widely used. Using
country-level data on program prevalence from the World Bank’s ASPIRE database, we identify
the most prominent program type in each country. We then compare support for that program
type across countries, controlling for individual-level characteristics. As a supplementary analy-
sis, we will also compare respondents’ preferred level of total spending with actual total spending
in a given country. This cross-country comparison is purely descriptive and does not have a causal

interpretation.

Differences in support and views by background characteristics. We will investigate how the
raw means reported in Section 4.2.1 vary by background characteristics (Panel B of Table 9). We
will report key conditional means and use k-means clustering to detect patterns of heterogeneity
in baseline support and views.

Perceived beneficiary trade-offs. We will report the distribution of the pairwise comparison out-
comes from Panel J of Table 9 separately for each program pair (CCT vs. UCT, in-kind vs. UCT, and
public works vs. UCT) and by country. These measures address H3c (do respondents believe ben-
eficiaries require greater compensation to accept programs with conditions or ordeals?). We will
also examine how these quantitative measures of perceived benefits for beneficiaries relate to the
qualitative measures we collect in the program effectiveness module of the survey; as only the
quantitative measures are explicitly from the beneficiaries” point of view, this could be informative

about respondents’ level of paternalism.
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4.3 Main experimental analysis

Our identification strategy relies on the random assignment of individuals to each of the experi-
mental groups. We exploit this random assignment to estimate the causal effects of being assigned
to the different treatment groups using linear regression. We will estimate average treatment ef-
fects by comparing outcome variables among those who were randomly assigned to each treat-

ment group to those that were randomly assigned to the control group.

4.3.1 Balancing Checks

We will assess baseline balance across treatment arms using two complementary approaches. First,
we will report group means (or proportions) for all baseline variables by treatment arm. Second,
we will formally test for differences using two-sample t-tests for continuous variables and chi-
square tests of independence for categorical variables. All variables showing statistically signifi-
cant differences in these tests will be noted explicitly.

To evaluate potential attrition bias, we will construct an indicator for completing the primary out-
come section and compare baseline characteristics between completers and non-completers using
the same methods (t-tests and chi-square tests). We will also test whether completion rates dif-
fer by treatment arm. Balance diagnostics (both across treatment arms and between attritors and

non-attritors) will be reported alongside summary tables of sample composition.

4.3.2 Empirical model

We use the following empirical specification:
Yei = &+ délﬁ + 3321'7 + € 4)

Here, y.; are the primary outcome indices and their components, as well as the Supports petition real
stakes outcome (Panel L of Table 9) and the Manipulation check responses (Panel M of Table 9) for
individual 7 in country c. All covariates are defined as in Section 4.2.2. Including the pre-specified

individual characteristics x; improves precision without affecting identification.

The coefficients of interest are those included in 3, which capture the average treatment effect of
assignment to each treatment. This will be how we evaluate whether our data supports hypotheses
H2a, H2b, H2c and H2d. For H2a-H2c the outcomes are the overall support and relative support

indices; for H2d the relevant outcome is the tax exemptions index (see Section 3.6.2).

Reporting. The regressions shown in Equation 4 are estimated by OLS with HC1 heteroskedasticity-
robust standard errors. Treatment effects on each index and its components are reported in the
corresponding tables (for examples of the main tables based on data from the small-scale pilots,
see Tables Al to A4 in Appendix B). Each table separately reports regressions of the outcome on a
single pooled treatment indicator (combining the Conditions faced by the Poor and Effectiveness arms)
and regressions of the outcome separately on the two treatment indicators, with the control group
as the omitted category. Among the relative support outcomes, we show results for UCT and for
UCT and CCT combined (the “cash transfer support index” and its components) in the main tables
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(see Table A3 in Appendix B); results for other programs are shown in an appendix.!® The main
results are pooled across countries; we will show results by country-income group and individ-
ual countries in an appendix. Control-group means are reported in raw units for the component

outcomes and on the standardized scale for the indices.

4.4 Heterogeneous Effects
44.1 Prespecified dimensions of heterogeneity

We prespecify four dimensions of heterogeneity motivated by hypotheses H4a-H4d. The first
three (H4a-H4c) are each tied to a specific block of the conceptual framework in Figure 2 and
apply to overall support for poverty reduction programs.'” The fourth (H4d) applies specifically
to the consumption tax exemption outcomes (Panel K of Table 9) and is motivated by the self-
interest channel (Box I of the conceptual framework in Figure 2). For each dimension, we define
the relevant baseline moderator using items measured prior to treatment, split the sample at the

within-country median of the moderator, and estimate an augmented version of Equation (4):

Y = & + P1Conds + BaEffe + B3 (Condei-Me) + Ba(Effei-Me) + BsMe + XLy + €6,
()
where Cond,; and Eff.; are the treatment indicators for the Conditions faced by the Poor and Effec-
tiveness arms, M,; is the prespecified moderator (defined separately for each dimension below),
and x; is the vector of pre-treatment controls used in Equations (3) and (4). Standard errors are
heteroskedasticity-robust (HC1). The interaction coefficients 3 and B4 are the primary objects of
interest. A hypothesis is supported if the relevant coefficient has the predicted sign and differs
significantly from zero at the five percent level; we use two-sided p-values, as for the primary
hypotheses (Section 4.8.7). For H4b, which concerns both treatment arms, we additionally test
B3 = PBs. These tests are not part of the set of primary treatment-outcome tests defined in Sec-
tion 4.8.7, and we do not adjust them for multiple testing. They are prespecified and directional,
and are reported as secondary throughout. The sample is restricted to respondents who answered
the questions about general views on poverty and program-specific effectiveness beliefs before the
treatments, i.e., for whom genuinely pre-treatment beliefs are observed (see Section 3.3).

Baseline perception of poverty (H4a). H4a predicts that the Conditions faced by the Poor video will
increase support most strongly among respondents whose pre-treatment perception of the extent
and severity of poverty is low. The moderator M,; is an indicator equal to one for respondents in
the lower half of the within-country distribution of the Perception of poverty index defined in Panel E
of Table 9. The coefficient of primary interest for H4a is B3 in Equation (5). H4a is supported if 3
is positive and significantly different from zero, indicating that the Conditions faced by the Poor
treatment raises support more where baseline perception of the extent and severity of poverty was
lower. We have no directional prior for Bs.

16Showing results separately for UCT and for UCT and CCT combined is partly motivated by the fact that in the
small-scale pilots, respondents perceived the two potential downsides of cash transfers that the Effectiveness treatment
is intended to address—wasteful spending and reduced labour supply by beneficiaries—to be an issue for UCTs but not
CCTs (see Figure A1l in Appendix B).

7That said, in line with hypothesis H2c, we would expect effects of the effectiveness treatment to be strongest on
support for cash transfers.

44



Preferred role of government (H4b). H4b predicts that both video treatments will increase sup-
port most strongly among respondents who believe that the government has the responsibility
to reduce poverty. The moderator M, is an indicator equal to one for respondents in the upper
half of the within-country distribution of the Role of government index (Panel E of Table 9). H4b is
supported if B3 and B4 in Equation (5) are both positive and significantly different from zero. We
additionally test B3 = B4, rejecting equality would indicate that openness to government action is
more of a precondition for persuasion through one informational channel than the other (concern
in the case of Conditions faced by the Poor; effectiveness in the case of Effectiveness).

Baseline beliefs about program effectiveness (H4c). H4c predicts that the Effectiveness video will
increase support most strongly among respondents who, prior to treatment, were most skeptical
about the effectiveness of poverty reduction programs. For each respondent in this subsample we
construct a composite Baseline effectiveness index by averaging the four program-specific effective-
ness indices defined in Panel G of Table 9 (reversing the Waste and corruption index, the only one
of the four oriented so that higher values indicate less favorable beliefs) across items and across
the four core programs (UCT, CCT, in-kind, public works), so that higher values correspond to
more favorable baseline beliefs. The moderator M,; is an indicator for being in the lower half of
the within-country distribution of this composite index. The coefficient of primary interest for H4c
is B4. H4c is supported if B4 is positive and significantly different from zero, indicating that the
Effectiveness treatment raises support more where baseline effectiveness beliefs were less favorable.
We have no directional prior for 3. As a complement, we re-estimate Equation (5) using, in turn,
each of the two Panel F items that the Effectiveness video addresses directly: Recipients waste help
and Reduces labor supply, in both cases for unconditional and conditional cash transfers, the pro-
grams to which both claims apply (Table 6). Each item is coded one if the respondent attributes the
characteristic to the program, so higher values indicate less favorable beliefs. The moderator M,;
is therefore the indicator itself, and a positive B4 again indicates larger effects among respondents

who were initially more skeptical.

Perceived self-interest in consumption tax exemptions (H4d). H4d applies to the consumption
tax exemption outcomes (Panel K of Table 9) rather than the primary support outcomes. The mod-
erator M,; is an indicator equal to one for respondents in the upper half of the within-country
distribution of the Exposure to consumption tax (gain) or Exposure to consumption tax (loss) variable
(Panel B of Table 9), which captures self-reported financial gain/loss if consumption taxes were
cut/raised, relative to the average family, depending on which version was asked (respondents
are asked either version of the question with probability p = 0.5). We estimate Equation (5) with
the consumption tax exemption index as the outcome.’® H4d is supported if B4 is positive and
significantly different from zero. Because M,; here identifies respondents who expect to be more af-
fected, a positive B4 means a smaller reduction in support for tax exemptions among them, which
is equivalent to the larger reduction among the less affected that H4d predicts. We have no direc-

tional prior for S3.

18We will also estimate the effect for the subsamples with different phrasing of the question individually in order to
check the sensitivity to the phrasing.
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Additional prespecified moderators. Beyond the four dimensions tied to H4a-H4d, we will re-
port heterogeneity estimates along seven further prespecified moderators that are motivated by
the descriptive hypotheses and by the discussion of the online sample in Section 3.1. These are: (i)
self-interest, captured by an indicator equal to one for respondents who currently benefit, or expect
to benefit, from any of the listed social assistance programs (Panel C of Table 9); (ii) subjective in-
come position, captured by an indicator equal to one for respondents who place their household in
the bottom two subjective income groups; (iii) education, captured by an indicator equal to one for
respondents with at least secondary education; (iv) gender; (v) membership of the largest ethnic
or religious group in the respondent’s country (Largest group, Panel B of Table 9); (vi) membership
of the largest ethnic or religious group among the poorest 20% of people in the respondent’s coun-
try (Largest group among poor, Panel B of Table 9); and (vii) support for the current government
(Supports current government, Panel B). Each moderator is entered separately in Equation (5). These
analyses are prespecified but are reported as secondary; we will not adjust them for multiple test-
ing across moderators, and we treat them as informative only in conjunction with the H4a-H4d

analyses.

Power and interpretation. As noted in Section 3.7, the median-split heterogeneity tests are well
powered for pooled cross-country analysis but only modestly powered within individual coun-
tries. We will therefore report pooled estimates of Equation (5) as our primary heterogeneity
results, and report country-specific estimates only in appendix. Where median splits are me-
chanically sensitive to ties or to near-median respondents, we report as a robustness exercise the
continuous-moderator analog of Equation (5), in which M,; is replaced by the standardized con-

tinuous index.

4.4.2 Ex-postidentification of the main dimensions of heterogeneity

We will use Generalized Random Forests (GRF; Wager and Athey, 2018; Athey et al., 2019) to
estimate heterogeneous treatment effects after data collection is complete. GRF non-parametrically
estimates the conditional average treatment effect (CATE) as a function of pre-treatment covariates,
accommodating high-dimensional interactions without requiring a priori specification of which
moderators matter most. We will apply GRF separately to each primary outcome index and each
treatment arm using the grf package in R. The pre-treatment moderators entered into the forest
are the same variables included in Equation (4) together with the full set of “first-stage” beliefs
and perceptions as defined in Section 4.2.2. The sample is restricted to respondents for whom all

moderators are measured prior to treatment.

We will assess whether heterogeneity is statistically significant using the calibration test of Athey
et al. (2019), which tests whether the estimated CATE is a better linear predictor of realized out-
comes than the average treatment effect alone. We will also report the variable importance scores
from each forest to identify which baseline characteristics are the strongest moderators of treat-
ment effects. These results will be reported in an appendix as supplementary analysis, with any

particularly salient patterns of heterogeneity discussed in the main text.
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4.5 Additional experimental analysis

There are six additional types of experimental analysis that will be conducted. Except for the first

and the second, the results will be presented in an appendix.

First, we will measure the effect of the treatments on respondents’ “first-stage” beliefs and percep-
tions. The analysis is identical in form to Equation (4) above, but is restricted to respondents who
answered the relevant modules later in the survey (after the treatment for the treatment groups),
and the outcomes of interest are the general views on poverty and perceived-effectiveness indices
rather than the main support outcomes. As a supplementary analysis, we will also show results
where we instead use respondents who answered the relevant modules earlier in the survey as
the comparison group (this is a less preferred comparison because the effect of the treatment is

potentially confounded by a question-order effect).

Second, we will test H5a by examining the effect of the three different ways of closing the budget
constraint (higher taxes, lower government spending, higher foreign aid) on the level of spending
on poverty reduction programs respondents support. For this purpose, we estimate a version of
Equation (4) with indicators added to the treatment vector for which hypothetical way of closing
the budget constraint was presented to respondents. The dependent variable is the quantitative
overall support index, as it includes precisely those questions where the hypothetical budget con-
straint was presented. Hba is supported if preferred spending is significantly higher under the
foreign-aid assumption than under each of the other two. We will additionally report whether the
difference between the higher-taxes and lower-other-spending assumptions varies with perceived
exposure to consumption taxes or with subjective income group (Panel C of Table 9), again tested

through an interaction. However, this comparison will likely be underpowered.

Third, we will examine the within-survey randomization of the comparator program used in the
final consumption tax exemption module. In this section of the survey, respondents are presented
with a comparison between a reduction in consumption taxes on essential goods and a randomly
assigned comparator program—either an unconditional cash transfer or a public works program.
This randomization enables us to test whether respondents’ relative preference for consumption
tax exemptions over targeted social assistance depends on the form of targeted assistance to which
they are compared. The analysis follows Equation (4) above, restricted to the consumption tax
outcomes, with the comparator program (UCT or public works) used as additional treatment in-
dicators. If respondents express greater support for tax exemptions when the comparator is an
unconditional cash transfer than when it is a public works program, this would suggest that op-
position to less restrictive forms of targeted assistance is an important driver of support for tax
exemptions. Conversely, similar levels of support across both comparators would indicate that
support for tax exemptions reflects underlying preferences for universal or less administratively
complex forms of support, rather than a specific objection to particular targeted programs. We will
also examine whether the main treatment effects on tax-exemption support are moderated by the
assigned comparator, by interacting the comparator indicator with the main treatment indicators.

Fourth, we investigate whether treatment effects differ across countries and whether there are sys-

tematic differences between groups of countries. The first step will be to reproduce the analysis

47



in Equation (4) above for each of the eight countries (i.e., without pooling data across countries
and without country fixed effects), so that country-specific point estimates and confidence inter-
vals can be compared directly. The second step will be to reproduce the analysis in Equation (4)
pooling subsets of countries defined by country-level characteristics (e.g., separating countries into
those with high versus low social assistance spending as a share of GDP, those that are classified
as lower-middle versus upper-middle income, or those that predominantly fund cash transfers
versus other program types). The full country-by-country results and the country-subset analyses
will be reported in an appendix. The country-specific estimates from the first step will also be the

inputs to the hierarchical analysis described in Section 4.6.

Fifth, we will conduct a “reverse IV” consistency check to assess whether the estimated treatment
effects on support are consistent with the proposed belief-updating mechanism (Dechezleprétre
et al., 2025). We compute “belief-pathway predicted effects” by multiplying the first-stage belief
shifts from the first additional analysis above by the corresponding belief-support slopes from
Section 4.2.2 and summing over all belief dimensions. These predicted effects are compared with
the directly estimated reduced-form treatment effects on support. Close agreement between the
two quantities supports the interpretation that the treatments operate through the belief-updating
channel; a large divergence would suggest either that the channel is misspecified or that the treat-
ments affect support through pathways not captured by the measured beliefs. This analysis is
purely descriptive and does not constitute an additional hypothesis test; it will be presented in an
appendix and discussed only briefly in the paper.

Sixth, we will test directly whether eliciting beliefs before treatment changes the treatment effects
we estimate. As described in Section 3.8, the placement of the Views on poverty and Beliefs about pro-
gram effectiveness modules relative to the treatment stage is randomized with probability one half,
independently of treatment assignment. We therefore estimate a specification identical in form
to Equation (5), with an indicator for pre-treatment placement in place of the moderator, taking
the primary support indices as outcomes. Consistency bias, whereby respondents hold to posi-
tions consistent with views they have already stated, would predict a smaller treatment effect for
those who see the beliefs and perceptions modules before the treatment. In contrast, experimenter
demand effects might lead to higher estimated treatment effects for this group if prior elicitation
makes the purpose of the videos more transparent. We note that this test is powered to detect
differences in treatment effects of the magnitudes we regard as substantively meaningful, but not

to rule out small ones.

4.6 Cross-country generalizability

The pooled specification in Equation (4) estimates a precision-weighted average of the eight country-
specific treatment effects. This is the appropriate estimand for the primary hypotheses, which ask
whether the treatments shift support on average across the countries we study, and it remains
valid if the effects differ across countries. It is silent, however, on how much they differ, and so pro-
vides no basis for statements about countries we do not survey. We therefore supplement it with a
Bayesian hierarchical analysis following Rubin (1981). Richer versions of this approach have been
used to aggregate evidence across multi-site experiments in development economics by Meager
(2019, 2022).
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Let . denote the estimated treatment effect in country c, obtained by estimating Equation (4)

separately by country as described in Section 4.5, and let o, denote its standard error. We model

,Bc ~ N(ﬁw 062) , Be ~ N(V/ 72) ’ (6)

where p and T are the mean and standard deviation, respectively, of the distribution of true
country-specific treatment effects.

This structure lets the true treatment effects vary across countries while still allowing estimates
from one country to contain information about treatment effects in another (“partial pooling’). The
key parameter of interest is 7: the smaller T, the stronger would be the external validity of our
estimated treatment effects. Two polar cases are that true treatment effects are the same across
countries (T = 0), so all cross-country variation in estimated treatment effects arises purely from
sampling noise; and that treatment effects in one country are completely uninformative about
treatment effects in another (T — o).

The central aim of the analysis is to construct a 95% prediction interval for the true treatment effect
in a hypothetical additional country, which would account for the underlying standard deviation
of the treatment effect T as well as uncertainty about both y and 7. We regard this interval as the
most direct summary of what the study implies for generalization and will report it alongside the
pooled treatment effects. It should be read as applying to a country exchangeable with the eight
we study, which need not be true for middle-income countries in general. We will also report
‘partially-pooled’ country-specific estimates implied by the same model, which are shrunk toward
the posterior mean of .

Estimation and the prior on 7. We estimate Equation (6) in a Bayesian framework. With eight
sites, point estimates of T will often take the value zero exactly even if positive values also have
substantial likelihood. We place independent uniform priors on y# and 7, as in Rubin (1981). This
is a conservative choice: the uniform prior admits values of T we would regard as implausibly
large, and therefore yields a wider prediction interval than a substantively motivated prior would.
We will therefore also report sensitivity to a half-normal prior on T (Gelman, 2006), with scale set
so that the prior places 1% of its mass above one standard deviation of the outcome variable, a
between-country standard deviation of true treatment effects we regard as implausibly large. The
posterior is computed by numerical integration over 7, with # and the 8. marginalized analytically.

We treat o, as known, which is reasonable with approximately 2,000 respondents per country.

Relation to the pooled estimates. We will not replace the pooled estimates for the treatment
effects with the posterior means of y, which will in general be in between the pooled estimate
and an equally weighted average. The pooled specification delivers a precision-weighted average
of the country-specific treatment effects and remains valid even if the true effect differs across
countries. Our primary hypothesis tests rely on the pooled estimates, while the hierarchical model
is added to support statements about generalization and to discipline the interpretation of the

country-specific estimates.
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4.7 Analysis of Open-Ended Responses

In addition to the quantitative outcomes and mechanisms, the survey includes several open-ended
questions designed to capture respondents’ reasoning and reflections in their own words. These
items include brief prompts about why respondents selected the program they did for a top choice
and why they selected the portfolio composition that they did. We also include a final question
asking respondents for their feedback on the survey.

We plan to analyze these qualitative responses descriptively to complement the quantitative find-
ings and to contextualize treatment effects. Responses will be processed into keywords using LLM-
based text analysis with manual validation. Keyness tests will be conducted to measure the relative
frequency of keywords between subgroups of respondents (Geiecke and Jaravel, 2024; Haaland et
al., 2024b). For example, we will examine differences in the reasons respondents provided between
the treatment and control groups. We will also seek to identify salient patterns in reasoning and

narrative framing that help explain heterogeneity in quantitative responses.

4.8 Robustness

Listed below are a series of robustness checks that will be conducted to examine the strength of the
results.

4.8.1 Alternative specifications

As discussed above our main analysis will be based on OLS regressions, but we will also exam-
ine whether using alternative statistical models would have a material impact on our findings.
Specifically, we intend to rerun our main analysis with a logit or ordered logit regression. Based
on previous studies we do not anticipate either of these alternative statistical models will substan-
tively change our results. All of this additional analysis will be included in an appendix of the
Stage 2 Report.

4.8.2 Data quality checks

It is possible that some respondents may not devote their full attention to the survey, and to detect
whether this impacts our results we will conduct four main robustness checks. Firstly, we will
rerun our analysis after excluding respondents that took too little or too much time to complete
the survey. Specifically, we will exclude respondents in the bottom/top 1, 2.5 and 5 percent of the
completion time distribution. Secondly, we follow Alesina et al. (2018) and include an explicit data
quality check in the form of a knowledge quiz after the neutral explainer video (see Section 3.3).
We exclude all respondents that do not have a passing mark in the second attempt.19 Thirdly, we
will conduct an implicit careless-response check based on straight-lining in the qualitative sup-
port module. A respondent is flagged as a straight-liner if they select the same response option
for all five program-support items in the qualitative support module (i.e., the inter-item standard
deviation across the five Likert responses equals zero). These items span meaningfully different
programs (unconditional cash transfer, conditional cash transfer, in-kind transfer, public works,

19 As this exclusion occurs for all respondents and before treatment assignment, it does not impact the internal validity
of our experiment.
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and either an asset transfer or a personalized tax refund), so a plausible and attentive respondent
who genuinely holds similar views of every program type would be unlikely to be excluded by
this criterion. We will rerun the main analysis excluding straight-liners and report the proportion
excluded by country and treatment arm.

Fourthly, we will test directly whether responses deteriorate with survey position, using the sur-
vey’s built-in position randomizations. Half of respondents answer the Views on poverty and Beliefs
about program effectiveness modules near the start of the survey and half near the end (Section 3.3);
within the control group, who see no treatment video under either placement, this is a pure ran-
domization of the position of identical items. Between the two placements in the control group we
will compare item means, item nonresponse and ‘don’t know’ rates, straight-lining rates, inter-item
standard deviations, and per-module response times. The randomized order of the seven budget-
allocation questions, and of items within questions without a natural order, provides further posi-
tion variation. The primary support outcomes are elicited at the same position for all respondents,
so the primary hypothesis tests are unaffected; these comparisons inform the interpretation of the
belief-level and heterogeneity analyses and will be reported in the Stage 2 appendix.

4.8.3 Weighting

All main results are presented for the unweighted online sample and are therefore sample average
treatment effects for the achieved sample (Section 3.1). As a robustness exercise, survey-weighted
results are reported in an appendix, adjusting the sample toward the adult population as a whole.
Weights are constructed by inverse probability weighting: within each country, respondents are
grouped into cells defined by sex interacted with age group (18-24, 25-34, 3544, 45-54, 55 and
over), and each respondent’s weight equals the ratio of the cell’s share in the adult population
(from the most recent census or comparable national statistics) to the cell’s share in our achieved
sample—that is, inverse probability weighting with fully saturated cells. If there are representa-
tiveness concerns regarding other demographic characteristics (for example, urban/rural status
or education), for which joint population distributions are typically unavailable, weights will be
computed by raking (iterative proportional fitting) to the marginal distributions. Survey weights
will be trimmed to the interval [0.25, 4.0], following Dechezleprétre et al. (2025), so that no single
respondent receives a weight more than four times the minimum; this prevents extreme weights
from unduly distorting the reweighted estimates. We will also report the results in an appendix

using untrimmed weights.

4.8.4 Experimenter demand effects

A potential concern in any survey experiment, particularly one providing information from an
authoritative source, is that respondents may infer the researcher’s expected response and adjust
their answers accordingly (De Quidt et al., 2018; Mummolo and Peterson, 2019). We therefore
conduct several complementary tests to assess the extent to which experimenter demand effects
could plausibly account for our findings.

Direct test using bias perceptions. We will examine whether the treatments increase the proba-
bility that respondents report perceiving the survey as biased or as pushing them toward a partic-
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ular answer. A treatment-induced increase in perceived bias would be consistent with respondents
detecting an experimenter-preferred response. We will also implement the De Quidt et al. (2018)
logic by examining whether estimated treatment effects are systematically larger among respon-
dents who perceive the survey as biased relative to those who do not. If demand effects are an
important driver of our results, treatment effects should be concentrated among the former group;

if they are not, treatment effects should be similar across the two groups.

Comparison across outcomes with differential susceptibility to demand. Our primary out-
comes vary in the extent to which they are susceptible to experimenter demand. Stated Likert-scale
support items are the most susceptible, since they involve no cost or commitment from the respon-
dent and are the most transparent indicators of the researcher’s intended outcome. The budget-
allocation tasks impose internal trade-offs (more spending on one program means less on another)
and are therefore intermediate in susceptibility. The real-stakes outcome—willingness to sign a
petition highlighting the benefits of the respondent’s preferred poverty reduction program—is the
least susceptible, because it involves a more concrete commitment than a Likert item and cannot be
answered to please the experimenter without consequence. If treatment effects are concentrated
in the Likert-scale outcomes and disappear in the real-stakes outcome, this would suggest that
demand effects may play a role. If treatment effects are broadly consistent across the three types
of outcomes, this would provide evidence that the estimates capture genuine preference change

rather than experimenter-induced compliance.

Qualitative analysis of open-ended feedback. The final survey question invites respondents to
provide feedback on the survey. We will conduct a structured analysis of these responses, search-
ing for terms and themes related to perceived bias, pressure, advocacy, or distrust of the survey’s
framing (e.g., “biased”, “one-sided”, “trying to convince”, “leading questions”). We will compare
the prevalence of such themes across treatment and control groups, and across treatment arms.
Treatment-induced increases in references to perceived bias could suggest that the treatments are

detected as advocating for a particular position.

Heterogeneity that is inconsistent with demand effects. Finally, we note that several patterns
of heterogeneous effects, if found, would be difficult to reconcile with a pure demand-effect inter-
pretation. In particular, hypotheses H4a—H4c predict that treatment effects will be concentrated
among respondents with specific prior beliefs (e.g., low baseline perception of the severity of
poverty for the Conditions faced by the Poor video, or low baseline beliefs about program effec-
tiveness for the Effectiveness video). If treatment effects vary systematically with these priors in the
predicted directions, this would be more consistent with genuine belief and preference updating

than with uniform compliance with experimenter expectations.

Collectively, these complementary tests will help us assess the contribution of experimenter de-
mand effects to our estimated treatment effects. If multiple lines of evidence point in the same
direction, we will interpret our findings as more likely to reflect genuine preference change.
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4.8.5 Attrition

In this study, “attrition” refers to post-randomization non-completion of the outcome section (“Sup-
port for spending on poverty reduction programs”, see Section 3.3). Screen-outs during eligibility
checks and exits before randomization are not counted as attrition. Item non-response within com-
pleted surveys (i.e., skipping one or more outcome items) is tracked separately. We expect this to

be minimal or zero, as we have set up the survey to require a response to each question.

In the second and third small-scale pilots, post-randomization attrition was 12%, with no sign of
differential attrition across treatment arms. Item non-response was minimal and only possible due
to minor technical issues. These results suggest that attrition and item non-response are unlikely
to bias main-wave estimates. Statistical power is unaffected by attrition because we will recruit
additional respondents until the target for survey completions is reached (see Section 3.10).

Design features to minimize attrition include (i) short, mobile-friendly videos, (ii) limited open-
ended responses, and (iii) transparent compensation aligned with completion. We will monitor
completion rates by country and treatment arm in real time and report overall and differential

attrition in the analysis.

In the event that differential attrition occurs during the survey experiment, we will produce Lee
bounds estimates of our main results (Lee, 2009). The tightness of these bounds will be informative
about whether differential attrition is an issue of concern. This is the same approach that has been
taken by other studies in this literature (e.g. Kuziemko et al., 2015; Hoy and Mager, 2021).

4.8.6 Handling outliers

The susceptibility of our outcomes to extreme values varies considerably across the four primary
outcome families. Most outcomes are bounded by construction and therefore not affected by out-
liers: the qualitative support items are five-point Likert scales bounded between 1 and 5; the rel-
ative support measures are bounded between 0 and 100 (budget shares) or 0 and 1 (top-choice
dummies); and most of the program indifference and tax exemption outcomes are binary indica-
tors. Outliers are only a substantive concern for the continuous outcomes, namely the quantitative
support measures (preferred social assistance spending in local currency under each hypotheti-
cal budget allocation) and the monetary premium amounts elicited in the program indifference
module (Panel J of Table 9).

For these continuous outcomes, we will winsorize all monetary outcomes at the 99th percentile
within each country and main treatment group, replacing values above this threshold with the
99th-percentile value. We winsorize rather than trim because the upper tail of stated spending
preferences is informative about the strength of preferences and we do not want to discard this
information entirely. Country and treatment-group-specific winsorization is used to avoid biasing
comparisons across countries and treatment groups. As a robustness check, we will rerun our main
analyses with continuous outcomes winsorized at the 95th percentile and with the unwinsorized
data, and we will report any cases where conclusions are sensitive to the winsorization threshold.

These additional results will be reported in the appendix.
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For the index outcomes, the standardization and averaging procedure described in Section 3.6.2
provides a degree of robustness to outliers in any individual component. Because each index is
the unweighted average of multiple component z-scores, a single extreme value in one component
has bounded influence on the index. Nonetheless, we will apply the winsorization rules described
above to the underlying continuous components before standardization, so that the indices and

their components are constructed consistently.

4.8.7 Multiple outcome and multiple hypothesis testing

Testing treatment effects across multiple outcome families simultaneously raises the risk of spuri-
ous discoveries. Although we have a very small number of pre-specified primary outcome fam-
ilies, we nonetheless address this concern explicitly. Multiple-testing adjustments will be treated
as a robustness exercise rather than the primary inference criterion, given that each family is mo-
tivated by a distinct theoretical channel and the tests are not exchangeable. We will apply the
Benjamini-Hochberg false discovery rate (FDR) correction (Benjamini and Hochberg, 1995), which
controls the expected proportion of false discoveries among rejected hypotheses. This approach
is less conservative than familywise error rate (FWER) procedures and is well suited to a setting
with multiple pre-specified outcome families where some true effects are anticipated. We follow
Dechezleprétre et al. (2025) in adopting this approach.

We interpret the pre-specified primary tests using unadjusted two-sided p-values, and report Ben-
jamini-Hochberg FDR-adjusted g-values across the set of primary treatment-outcome tests. Re-
sults are considered confirmatory when the direction, magnitude, and unadjusted inference align
with the pre-specified hypothesis; FDR-adjusted results are used to assess robustness to multiple

testing.

4.8.8 Non-parametric bootstrap standard errors

As a complement to the HC1 heteroskedasticity-robust standard errors used throughout, we will
report non-parametric bootstrap standard errors for the primary hypothesis tests (H2a-H2d) and
for the treatment effects on the belief indices in Panels E and G of Table 9. For each of 2,000
bootstrap replications, we resample respondents with replacement within each country, holding
fixed the country sample sizes, and reconstruct the relevant outcome indices using exactly the
same standardization and aggregation procedure as in the main analysis (Section 3.6.2). We then
re-estimate the corresponding treatment effects using the same regression specifications. The boot-
strap standard error for each treatment-effect estimate is calculated as the standard deviation of the
estimated treatment effects across the 2,000 bootstrap samples. The resulting bootstrap standard
errors will be reported in an appendix table alongside the HC1 standard errors for the same esti-
mates, and the main text will note any case in which they differ materially. Because the empirical
distribution of the observed outcomes is resampled directly, this procedure naturally preserves
their discreteness and concentration and does not require the indices to have continuous support.
Reconstructing the indices within each bootstrap replication also incorporates sampling variation
arising from their standardization and aggregation.

54



4.9 Expert prediction survey

Alongside the main empirical analysis, we will collect forecasts of our primary results from a sam-
ple of researchers and policy experts using the Social Science Prediction Platform (SSPP; DellaV-
igna et al., 2019). Collecting expert priors before starting to disseminate the results serves three
purposes that complement the pre-registered hypotheses and estimation strategy described above.
First, the experts provide an external benchmark against which to assess which of our results are
genuinely informative, in the sense of departing from what an informed prior would have expected
(DellaVigna and Pope, 2018; DellaVigna et al., 2019). Second, they discipline our own interpre-
tation of the results as broadly matching expert priors or diverging sharply from priors. Third,
the expert predictions are of substantive interest for the political-economy questions motivating
the study, as they reveal whether researchers and practitioners working on social protection in
middle-income countries hold accurate beliefs about public attitudes toward poverty reduction
programs.

Expert sample. We will target three groups of experts. The first is academic researchers work-
ing on development economics, public economics, or the political economy of redistribution. The
second is policy practitioners at multilateral organizations (e.g. the World Bank, IMF, UN agen-
cies), bilateral donors, and relevant government ministries in the study countries. The third is
researchers and analysts at think tanks and NGOs working on social protection. We will recruit
experts through the SSPP standing pool of registered forecasters, supplemented by targeted out-
reach via professional networks, mailing lists, and direct invitations to authors of recent publica-
tions on social protection in middle-income countries. We aim for at least 100 completed expert
responses, in line with sample sizes in recent applications (e.g. DellaVigna et al., 2019; Vivalt and
Coville, 2023). We will report the number of experts, their professional category, their country of
work, and their self-reported familiarity with the relevant literature.

Materials shown to experts. Experts will see a short briefing document. This will include: (i)
the research questions and the conceptual framework summarized in Figure 2; (ii) the sampling
strategy, including the countries surveyed and the online nature of the sample; (iii) the structure
of the survey instrument, including the explainer video, the two video treatments, and the main
outcome modules; and (iv) the text of the two video treatments and the wording of the primary

outcome questions.

Outcomes to be forecast. We will elicit forecasts of the two treatment-specific effects on the fol-
lowing primary outcomes: (i) overall support for poverty reduction programs; (ii) support for each
program type on a Likert scale; (iii) the ranking of program types from most to least preferred; and
(iv) beliefs about whether tax exemptions are a good policy, help the poor, and are fairer than
alternatives, as well as preferences for tax exemptions relative to UCTs and public works pro-
grams. We will also collect forecasts for our descriptive analysis on the extent to which support is
shaped by self-interest, general views on poverty and the government, program-specific effective-
ness, and respondents’ perceptions of beneficiaries” relative willingness to pay for programs. To
keep the elicitation burden manageable, we do not request forecasts of country-specific effects or

of heterogeneous effects, though we will invite open-ended comments on dimensions along which
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forecasters expect particularly large heterogeneity.

Use of forecasts in interpretation. In the Stage 2 report, we will present a side-by-side compar-
ison with the realized treatment-specific effects for each of the outcomes listed above. For each
outcome, we will report the mean and median forecast, and the share who correctly predicted the
sign of the effect. The full set of forecasts, together with the comparison to realised effects, will be
reported in an appendix.

5 Interpreting Results

The results of this study could fall into several broad categories. In this section, we describe how
we will interpret each type of finding. This is intended to clarify the evidentiary value of the study

regardless of whether the main experimental hypotheses are confirmed.

5.1 Strong baseline support for all or some poverty reduction programs

One possible finding is that respondents express high baseline support for poverty reduction pro-
grams, even in the absence of information. This would be most directly relevant to hypotheses
Hla-Hlc on the descriptive determinants of support. High baseline support would suggest that
public opposition is less of a constraint on poverty reduction spending than policymakers often as-
sume. If baseline support is high across countries and program types, the main contribution of the
study would be to show that the political economy constraint is unlikely to be general opposition

to helping poor households.

If support is high for cash transfers in particular, this would challenge the common perception
that the public strongly prefers more restrictive forms of assistance, such as in-kind transfers or
public works programs. Such a finding would imply that governments may have more political
space than expected to expand less restrictive forms of social assistance. Conversely, if respondents
strongly prefer in-kind transfers, public works programs, or other more restrictive programs, this
would provide direct evidence that public preferences may help explain limited political support
for cash transfers and point to a trade-off between the restrictiveness and the amount of support
provided. Patterns consistent with Hla—in which support for less restrictive programs is concen-
trated among current and prospective beneficiaries—would be consistent with political constraints

on cash transfer adoption resting partly on the preferences of non-beneficiary voters.

5.2 Low baseline support for all poverty reduction programs

A second possible finding is that respondents express low baseline support for all poverty reduc-
tion programs. This would suggest that public attitudes may constitute an important political
constraint on expanding social assistance in middle-income countries. The interpretation of this
result will depend on which components of the conceptual framework are most strongly associated
with support, and will draw directly on the descriptive evidence from Hla-Hlc.

If low support is concentrated among respondents who do not expect to benefit personally (con-
sistent with H1a), self-interest is the leading candidate channel. If it is instead concentrated among
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respondents who perceive poverty as not very severe (relevant to H1b), express limited concern for
poor households, or believe poverty is primarily caused by lack of effort, distributive values and
beliefs about deservingness would be the leading candidates. If low support is most strongly as-
sociated with concerns about waste, corruption, weak targeting, or negative behavioral responses
(relevant to Hlc), beliefs about program effectiveness would be. In each case the descriptive pat-
tern identifies a candidate rather than establishing a channel: the treatments provide the causal
variation, and the consistency check in Section 4.5 asks whether the effects we measure are of the

size implied by the belief shifts the treatments produce.

5.3 Information increases overall support for poverty reduction programs

A third possible finding is that one or more of the video treatments increases overall support for
poverty reduction programs, consistent with hypotheses H2a and H2b. If the Conditions faced by
the Poor video increases support (H2a), this would suggest that the perception of poverty is an im-
portant margin for persuasion. In this case, respondents may not initially appreciate the severity
of poverty, the limited opportunities available to poor households, or the extent to which poor
households face little room for error. If the Effectiveness video increases support (H2b), this would
suggest that beliefs about program effectiveness are an important barrier to support. In particular,
it would indicate that concerns about misuse of transfers, labor supply reductions, or the distribu-

tional incidence of tax exemptions are at least partly responsive to accurate information.

However, a positive effect would not by itself establish that baseline opposition rests on incom-
plete or inaccurate information, since a video can shift stated support by making considerations a
respondent already accepted more salient as well as by correcting a belief that was mistaken. Four
patterns bear on which account is correct. None is decisive on its own, but they point in different

directions under the two interpretations.

The first is whether the beliefs the videos assert move, and whether the movement is confined to
them. The informational account requires that the targeted beliefs move: support that rises while
they are unchanged would be difficult to attribute to the content of the videos. It further predicts
that the movement is specific, leaving beliefs the videos do not address unaffected, whereas a
general increase in attention to poverty would move beliefs across the battery, including ones
neither video mentions. The manipulation checks alone cannot distinguish these cases, since all
six of their items are claims the videos assert. The comparison instead rests on the first additional
analysis in Section 4.5, which estimates treatment effects on the full set of beliefs in Panels D-G of
Table 9.

The second is whether the size of the effect on support is accounted for by the belief movement. The
reverse-IV consistency check in Section 4.5 compares the reduced-form treatment effect with the
effect implied by the first-stage belief shifts and the belief-support slopes. Under the informational
account, the two should be of similar magnitude. An effect on support substantially larger than
the belief pathway implies would indicate that something beyond the measured belief change was
doing the work, of which increased salience is one candidate.

The third is how the effect varies with prior beliefs. Correcting a belief requires that the belief was
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mistaken, so the informational account predicts larger effects among respondents whose priors
were least accurate, which is what H4c tests for the Effectiveness treatment. Salience predicts no
such gradient and may predict the reverse, since a consideration can be made more prominent
only for a respondent who already accepts it. A profile that is flat, or that runs the other way,

would weigh against the informational reading.

The fourth is whether the two treatments differ from one another. The videos assert different things
and are predicted to move different beliefs and different outcomes (Tables 5 and 6): Conditions faced
by the Poor to raise support without reallocating it across programs, and Effectiveness to shift its
composition. A general increase in the salience of poverty would move the outcomes in common,
so differentiated effects across the two arms would indicate that the specific content of each is

responsible.

5.4 Information changes the types of programs respondents support

A fourth possible finding is that information changes the allocation of support across program
types. This corresponds to hypothesis H2c and would be particularly important for policy. Gov-
ernments not only decide how much to spend on poverty reduction; they also choose how to
allocate support across cash transfers, in-kind transfers, public works programs, and potentially

asset transfers or personalized tax refunds.

If the Effectiveness video increases relative support for unconditional or conditional cash transfers
(consistent with H2c), we will interpret this as evidence that opposition to less restrictive programs
is partly driven by incorrect beliefs about their effects. For example, if respondents become more
supportive of cash after learning that cash transfers do not generally increase harmful spending
or reduce labor supply, this would suggest that information about program effectiveness can shift

support toward less restrictive forms of social assistance.

If information increases overall support but does not change relative support across program types,
this would suggest that respondents become more favorable toward poverty reduction in general,
but that their views about program design are more stable. Conversely, if information shifts rela-
tive support without changing total desired spending, this would suggest that information affects
preferences over the composition of social assistance spending more than overall preferences for

redistribution.

5.5 No meaningful impacts from the treatments

It is also possible that the treatments will have no meaningful effect on either overall support for
poverty reduction programs or relative support across program types. This would be informa-
tive. A null result would suggest that short, accurate information interventions are unlikely to

substantially shift attitudes in this context.

There are several possible interpretations for such a result. First, respondents may already hold
accurate beliefs, leaving little scope for information to change their views. Second, respondents
may update their beliefs but not their policy preferences, implying that attitudes toward poverty
reduction are shaped more by ideology, self-interest, distrust, or deeper values than by factual be-
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liefs. Third, the treatments may be too light-touch to affect preferences, especially if respondents
have strong prior views or if policy preferences require more sustained deliberation to change. We
will distinguish between these interpretations by examining whether the treatments affect inter-
mediate beliefs and whether baseline beliefs are already close to the information provided in the
treatments. A pattern in which first-stage effects on beliefs are large but downstream effects on
policy preferences are not would itself be an informative finding, suggesting that the gap between

belief updating and preference change is a binding constraint.

5.6 Evidence of backlash or reduced support

Another possible result is that one or more treatments reduces support for poverty reduction pro-
grams. This could occur if information makes the costs of these programs more salient, reinforces
concerns about targeting or corruption, or leads respondents to view poverty reduction as more
difficult than they had previously believed. Such a finding would be important, because it would

show that information provision does not mechanically increase support for social assistance.

If the Conditions faced by the Poor video reduces support, we will examine whether respondents react
by becoming more pessimistic about the effectiveness of government action. If the Effectiveness
video reduces support, we will examine whether correcting some misconceptions makes other
concerns more salient. For example, respondents may accept that cash transfers do not reduce
labor supply but still oppose them because of concerns about financing, targeting, or government
capacity. Any such result would be interpreted cautiously and in conjunction with the mechanism

outcomes.

5.7 Treatment effects exist but are inconsistent with the hypotheses

A further possibility is that treatment effects exist but do not match the patterns specified in our
pre-registered hypotheses. We anticipate two broad scenarios in which this could occur, each with
distinct interpretations.

Heterogeneous responses across subgroups. The hypotheses are framed in terms of average
treatment effects, but a treatment may resonate only with specific subgroups, with offsetting ef-
fects elsewhere in the sample. For instance, the Effectiveness video could increase support for cash
transfers among respondents who initially held inaccurate beliefs about labor supply and recipient
behavior, while reducing support among respondents who interpret the corrective information as
politically motivated or who become more skeptical of the government’s capacity to administer
transfers. Similarly, the Conditions faced by the Poor video might increase the perceived severity of
poverty and thus support for poverty reduction programs among non-beneficiaries while having
little or even negative effects on respondents who already perceive themselves as economically
vulnerable. The pre-specified heterogeneity analyses (H4a-H4d) are designed to detect such pat-
terns, and where average effects are null or inconsistent with the hypotheses, we will pay close
attention to subgroup-level effects identified through the generalized random forest approach de-
scribed in Section 4.4.
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Differential effects across outcomes. The treatments may affect some outcome families but not
others. Effects on Likert-scale support measures may not translate into changes in budget alloca-
tions, or vice versa. Effects on stated preferences may not appear in the petition outcome from the
real-stakes module. Such patterns would themselves be informative about the depth of preference
change and the extent to which information shifts policy preferences as opposed to merely shifting

how respondents express those preferences in low-stakes settings.

5.8 Cross-country heterogeneity

The study may also find substantial heterogeneity across countries. Such heterogeneity would not
necessarily weaken the study. If treatment effects or baseline preferences differ across countries,
we will interpret these differences in light of the existing policy environment, the composition of
social assistance spending, and baseline beliefs about government capacity and program effective-
ness. Where appropriate, we will pool data only across subsets of countries that share relevant
characteristics (e.g., upper-middle versus lower-middle income, or countries with high versus low
social assistance spending). However, country-specific estimates will generally be less precisely
estimated than pooled estimates. We will therefore treat pooled estimates as the primary evidence
on average effects across the study countries, while using country-specific estimates to understand

external validity and possible contextual mechanisms.

We will use the hierarchical model set out in Section 4.6 to understand what our results imply
about the underlying heterogeneity in true treatment effects across countries. The indicator we
focus on is the 95% prediction interval for the true treatment effect in a hypothetical additional
country. A narrow predictive interval would indicate that comparable countries are likely to have
similar treatment effects. A wide interval would indicate that the average effect may not be a good
guide to any particular country and would direct attention to the country-level characteristics that
might account for the variation. However, given the small sample of eight countries, we expect
prediction intervals to be relatively wide even where the underlying variation is small, because of

limited statistical power.

5.9 Interpreting perceived beneficiary trade-offs

The program-indifference outcomes will be interpreted as respondents” beliefs about how poor
households value different program types relative to unconditional cash transfers. These mea-
sures do not directly estimate beneficiaries” own willingness to pay. Rather, they capture public
perceptions of beneficiary preferences. This distinction is important. If respondents believe poor
households would require a large monetary premium to accept in-kind transfers, public works
programs, or conditional transfers instead of cash, this would suggest that respondents recognize
the non-monetary costs of restrictions, ordeals, or conditionality. If respondents believe beneficia-
ries would prefer restrictive programs even at equal monetary value, this would suggest that the
public perceives non-cash features as valuable to beneficiaries, not merely as politically appealing
to non-beneficiaries.
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5.10 Interpreting support for consumption tax exemptions

Results on consumption tax exemptions will be interpreted separately from results on targeted
poverty reduction programs. Consumption tax exemptions are often justified as pro-poor policies,
but they differ from social assistance programs because they are broad-based, (much) less targeted,
and often less visible as government transfers. If respondents strongly support tax exemptions, this
may indicate a preference for universal or less administratively complex forms of support, even if
these policies are less progressive. If information reduces support for tax exemptions relative to
cash transfers or public works programs, this would suggest that respondents are responsive to
evidence about incidence and targeting.

5.11 Overall interpretation

Overall, the study will be informative under a wide range of possible results. If information
changes support, the results will identify which beliefs are most malleable and which communica-
tion strategies are most effective. If information does not change support, the results will indicate
that attitudes toward poverty reduction programs are relatively stable in response to short-run
information provision. If baseline support differs sharply across program types or countries, the
results will help explain why governments may prioritize some poverty reduction instruments
over others. In all cases, the findings will be interpreted as evidence on stated preferences among
internet-using adults in middle-income countries, rather than as direct evidence on voting behav-

ior, long-run persuasion, or the preferences of the full adult population.

6 Limitations and potential challenges

This study is designed to provide credible experimental evidence on how information shapes pub-
lic support for poverty reduction programs. Nevertheless, several limitations and implementation

challenges should be considered when interpreting the results.

First, the study will be conducted online, and respondents are recruited from an online panel rather
than randomly sampled. We therefore do not describe the sample as representative of a national
population, though we expect it to be broadly representative of the internet-using adult popula-
tion (at least in terms of age and gender). As discussed in Section 3.1, internet-using adults are a
substantive population of interest in their own right. Nevertheless we will report detailed com-
parisons between our sample and national benchmarks, and report survey-weighted results in an
appendix. The interpretation of the results will emphasize that the study identifies attitudes among
the online population, while being cautious about claims regarding the full adult population.

Second, cross-country comparability is an important challenge. Poverty reduction programs differ
substantially across the eight countries in their design, visibility, scale, and political salience. Re-
spondents may therefore interpret terms such as cash transfers, public works programs, in-kind
transfers, asset transfers, and consumption tax exemptions through the lens of existing programs
in their own country. This is both a feature and a limitation of the design. It allows us to study
how attitudes vary across policy environments, but it also means that identical survey wording
may not be interpreted identically in all contexts. To reduce this concern, all respondents will re-
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ceive a neutral explainer video describing the core features of each program type before the main
outcomes are elicited. In the analysis, we will report pooled estimates with country fixed effects,
but also show country-specific estimates to assess whether the main patterns are driven by partic-

ular settings.

Third, some elements of the survey require respondents to evaluate relatively complex policy
trade-offs. These include budget-allocation exercises, comparisons across program types, and
questions about how beneficiaries would value non-monetary features such as conditionality, in-
kind provision, and public works requirements. If respondents find these tasks difficult, measured
preferences may partly reflect confusion or heuristics rather than stable policy views. The survey
design addresses this concern in several ways. Respondents receive a common explanation of each
program type, complete knowledge checks, and are prevented from progressing without answer-
ing required questions. The small-scale pilot surveys were also used to identify confusing wording
and tasks that generated inconsistent responses. In the Stage 2 report, we will present robustness
checks excluding respondents who complete the survey unusually quickly or provide internally

inconsistent responses.

Fourth, the experimental treatments should be interpreted as information interventions rather than
as complete policy communication strategies. The video treatments provide short, accurate, and
standardized information. These interventions allow us to test whether relatively light-touch in-
formation can shift attitudes, but they do not capture the full range of ways governments, political
parties, civil society organizations, or media outlets communicate about poverty reduction pro-
grams. In addition, any measured treatment effects will be short-run effects, since outcomes are
elicited within the same survey. The study therefore cannot determine whether information effects
persist over time, whether they would survive exposure to countervailing political messages, or

whether they would translate into voting behavior or sustained policy advocacy.

That said, evidence from experiments that do recontact respondents suggests that effects of this
kind tend to decrease rather than disappear: of the fifteen information-provision treatments sur-
veyed by Stantcheva (2023), fourteen still show detectable effects at horizons between one week
and four months, almost always at reduced magnitude. The two closest to this study in subject
matter both persist: Kuziemko et al. (2015) on information about inequality and taxation, and
Alesina et al. (2018) on information about intergenerational mobility, each measuring support for
redistribution. The priming treatment in Kuziemko et al. (2015) had no detectable effect after one
month while their information treatment persisted, which is the pattern one would expect if such
treatments work by changing beliefs rather than by making considerations respondents already
hold temporarily salient. In any case, the question this study is designed to answer is whether at-
titudes toward poverty reduction programs are malleable at all, rather than whether a single short
video changes them permanently: were the effects to fade within weeks, that would not establish

that a sustained, multi-channel information campaign would leave attitudes unchanged.

Fifth, each treatment video bundles multiple distinct empirical claims. The Conditions faced by
the Poor video combines three claims about living conditions, economic vulnerability, and limited
opportunities faced by poor households. The Effectiveness video addresses three separate myths:

that recipients of cash transfers waste the money on harmful goods, that cash transfers reduce
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labor supply, and that consumption tax exemptions primarily benefit poor households. If either
treatment changes stated support for poverty reduction programs, it will not be possible to de-
termine definitively which specific bundled claim drove the effect. However, we check directly
which messages from the videos landed with respondents in the Manipulation check section (see
Section 3.3). Each component of the videos is also expected to move different underlying beliefs, as
pre-specified in Tables 5 and 6 based on the theoretical mechanisms in Section 2.1.2 In the Stage 2
report, examining which beliefs actually shifted will therefore allow us to infer which parts of each
video were likely effective at updating respondents’ beliefs, even though the overall treatment

effect on support cannot be reliably disentangled.

Sixth, attrition and inattentive responding may threaten the quality of the data. This is a common
concern in online surveys, particularly when surveys are relatively long or include video and inter-
active components. The design minimizes this risk by using short videos, mobile-friendly survey
pages, required responses, attention checks, and knowledge checks. We discuss in detail how we

will deal with attrition in Section 4.8.5.

Seventh, the descriptive relationships between beliefs and policy preferences should not be inter-
preted causally. For example, respondents who believe poverty reduction programs are effective
may be more supportive of these programs, but this association could reflect prior ideology, self-
interest, trust in government, or motivated reasoning. The descriptive hypotheses are therefore
intended to document patterns consistent with the conceptual framework, not to identify causal
effects of baseline beliefs. The experimental treatments provide the main source of causal varia-
tion, while the descriptive analysis helps interpret the mechanisms and heterogeneity underlying

the treatment effects.

Finally, there are several external circumstances that could affect implementation. Recruitment
may be more difficult in countries with smaller or less representative online panels. Political
events, elections, economic shocks, or major policy announcements during fieldwork could tem-
porarily change the salience of poverty reduction programs. Technical issues could also arise if
videos do not load properly. We will document any such issues in the Stage 2 report, including the
timing of fieldwork in each country, deviations from the planned sample, and any changes to the
survey instrument made before launch. If major contemporaneous policy events occur during data
collection, we will report the timing of responses and, where feasible, conduct robustness checks

excluding affected periods or controlling for fieldwork date.

Overall, these limitations imply that the results should be interpreted as evidence on the short-run
effects of information on stated preferences among internet-using adults in middle-income coun-
tries. The study is not designed to estimate the long-run political feasibility of particular reforms,
nor to measure preferences among the full national population with the same precision as a house-
hold survey. Its contribution is instead to provide large-scale, experimentally identified evidence
on whether and how accurate information changes public support for different poverty reduction
programs, and to document the beliefs and trade-offs that shape these preferences, across a diverse

set of countries.

20The exception is the “Living conditions” and “Limited margin for error” parts of the “Conditions faced by the Poor”
video, which are expected to shift the same belief.
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