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Abstract

Chapter 1 studies the effects of fighting corruption on public service delivery. While corruption crackdowns
have been shown to effectively reduce missing government expenditures, their effects on public service
delivery have not been credibly documented. This matters because, if corruption generates incentives for
bureaucrats to deliver those services, then deterring it might actually hurt downstream outcomes. The
chapter exploits variation from an anti-corruption program in Brazil, designed by the federal government
to enforce guidelines on earmarked transfers to municipalities, to study this question. Combining random
audits with a differences-in-differences strategy, we find that the anti-corruption program greatly reduced
occurrences of over-invoicing and off-the-record payments, and of procurement manipulation within health
transfers. However, health indicators, such as hospital beds and immunization coverage, became worse as
a result. Evidence from audited amounts suggests that lower corruption came at a high cost: after the
program, public spending fell by so much that corruption per dollar spent actually increased. These findings
are consistent with those responsible for procurement dramatically reducing purchases after the program,
either because they no longer can capture rents, or because they are afraid of being punished for
procurement mistakes. Chapters 2 and 3 study the psychology of droughts. Chapter 2 tests whether
uncertainty about future rainfall affects farmers’ decision-making through cognitive load. Behavioral
theories predict that rainfall risk could impose a psychological tax on farmers, leading to material
consequences at all times and across all states of nature, even within decisions unrelated to consumption
smoothing, and even when negative rainfall shocks do not materialize down the line. Using a novel
technology to run lab experiments in the field, we combine recent rainfall shocks and survey experiments
to test the effects of rainfall risk on farmers’ cognition, and find that it decreases farmers’ attention, memory
and impulse control, and increases their susceptibility to a variety of behavioral biases. Chapter 3
investigates whether index insurance can shield farmers against the cognitive effects documented in the
previous chapter. In theory, insurance could mitigate those effects by alleviating the material consequences
of rainfall risk. To test this hypothesis, we randomly assign offers of an index insurance product, and find
that it does not affect farmers’ cognitive load. These results suggest that farmers’ anxiety might be relatively

difficult to alleviate.
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Chapter 1
Is Corruption Good For Your Health?!

“Every dollar that a corrupt official or a corrupt business person puts in their pocket
is a dollar stolen from a pregnant woman who needs health care. (...) In the

developing world, corruption is public enemy number 1.

— Jim Kim, president of the World Bank?

“Even in the case of petty bribery or extortion, it is relevant to ask, what is the
alternative?”

— Colin Leys (1965, p. 220)

1 Introduction

There is increasing understanding of what tools can most effectively fight corruption; in particular, external
monitoring (from audits to informational campaigns) has been shown to significantly reduce missing
government expenditures.® Since corruption captures resources from public goods’ provision, as Jim Kim
puts it in the opening quote, monitoring is expected to increase resources towards public services. However,
rent capture is only one dimension of bureaucratic performance.* Deterring corruption may reduce
incentives for bureaucrats to exert effort in other dimensions, such as providing the optimal quantity and
quality of public goods (Leff, 1964; Leys, 1965; Huntington, 1968; Banerjee, Hanna and Mullainathan,
2012). If that is the case, monitoring could actually surt public service delivery, as the opening quote by

Colin Leys suggests.

To study this question, one must look beyond corruption, analyzing the effects of monitoring on

downstream outcomes. This paper exploits variation from an anti-corruption program designed to enforce

! Co-authored with Marcos Lopes (CEPESP/FGV-SP) and Marcelo Medeiros (PUC-Rio).

2 http://mobile.reuters.com/article/idUSBRE9IBI11P20131219?irpc=932

3 E.g.: DiTella and Schargrodski (2003) for the effects of a crackdown on corruption in hospital purchases; Olken
(2007) for the effects of government audits on road projects; and Reinikka and Svensson (2004) for the effects of a
newspaper campaign on government transfers to schools.

4 See Finan, Pande and Olken (2016).



http://mobile.reuters.com/article/idUSBRE9BI11P20131219?irpc=932

guidelines on earmarked transfers to local governments in Brazil, estimating its impacts both on the

incidence of corruption within health transfers and on municipalities’ health indicators.

In Brazil, as in most developing countries, many local public goods are provided by subnational
governments. Within health, for instance, a local bureaucracy employed by each municipal government is
responsible for a wide array of activities, from contracting hospital reforms to purchasing vaccines to paying
public servants’ wages. Managing millions of dollars every year, these bureaucrats have several ways to
embezzle public funds: e.g.: by overbilling the government for a hospital reform, by settling off-the-record
transactions with vaccine vendors, or by having ghost employees in the public sector payroll. Since most
Brazilian municipalities rely almost exclusively on federal redistribution in order to provide local public
goods, bureaucrats’ moral hazard problem is particularly acute: citizens have weaker incentives to monitor

spending funded by taxes that were not locally raised.’

To address this problem, in 2003, the federal government introduced a monitoring technology: the
Brazilian anti-corruption program. The program randomly draws municipalities to be audited with respect
to their use of federal funds, in a joint venture with the national lottery. Auditors analyze municipalities’
accounts and documentation, and physically inspect public works and service delivery, to assess whether
earmarked federal transfers are effectively spent according to their guidelines. Taking advantage of the
randomness of audits, we can estimate the causal effects of the program not only on the incidence of

corruption, but also on the quality of public services.

The key constraint to doing so is data: estimating the effects of the program on corruption requires
observing how the latter varies over time within municipalities. We take advantage of the fact that auditors
follow transfers’ paper trail back, for at least 3 years prior to the time of the audit. Drawing upon a unique
dataset for the incidence of corruption across earmarked health transfers between 1997 and 2007, we
observe all decisions within transfers that were subsequently audited — even before the audit actually took
place. The main difference from this dataset to that used by Ferraz and Finan (2008) is that irregularities
are dated according to the year when they happened, instead of according to the year when they were

investigated by auditors.

We combine this dataset with a behavioral model for local procurement staff. We conjecture that the
latter should respond to recent audits that happen nearby, since those should make the probability of being
audited by the program in the future more salient. With our data, we can test the hypotheses that recent
nearby audits are as good as randomly assigned, and that they affect corruption prevalence and public

service delivery.

> This same argument is linked to what the public finance literature calls the “flypaper effect”; see Schwartz (2005).
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While recent nearby audits might induce variation in corruption, this is only part of the story: most of
the effects of the program might have occurred when it was announced, even before audits took place. To
investigate the overall effect of the program, we resort to a differences-in-differences strategy. The first
dimension of comparison contrasts municipalities before and after local procurement staff learned they
could be audited. The Brazilian anti-corruption program is particularly suitable for this strategy: since it
was introduced exactly at the midpoint of the 2001-04 term, we can assess its effects holding decision-
makers fixed. The second dimension of comparison contrasts sets of transfers with different opportunities
for embezzlement. The hypothesis is that the program should have had differential effects across transfers
with different scope for corruption (while the differential incidence of corruption across these transfers
should have remained constant otherwise). Since corruption is fundamentally linked to procurement
problems, we compare sets of transfers with different “procurement intensities”. We code this variable as
the percentage of transfer’s actions involving procurement-related words (such as “construction”,
“expansion” or “acquisition”), following the Health Ministry’s official description of all actions under each

transfer.’

We find that the anti-corruption program substantially reduced corruption within health transfers,
decreasing occurrences of over-invoicing and off-the-record payments, and of procurement irregularities
such as participation of ghost firms or tailoring terms of references to specific vendors. Our results suggest
that the program decreased corruption by over half its baseline prevalence within the 2001-04 term.
Moreover, the effect does not dissipate during the subsequent term, and is unaffected by controlling for

proximity to elections.

Combining the differences-in-differences strategy with the randomness of recent nearby audits has two
advantages. First, even though the identification assumption for the differences-in-differences estimator
cannot be tested, to the extent that the effects of recent nearby audits across transfers of different
procurement intensities agrees with the differences-in-differences estimate, we can credibly rule out
alternative explanations for the latter. Second, by combining the two sources of variation, we can separate
the effect of the announcement of the program from that of the actual audits. On the one hand, the
differences-in-differences estimate captures the total effect of the anti-corruption program on corruption
prevalence and public service delivery. On the other hand, once we control for the differential effect of
recent nearby audits across transfers with different procurement intensities, the change in the differences-
in-differences coefficient across specifications allows pinning down the effect of the program’s
announcement separately from that of audits themselves. We find that most of the effect seems to be driven

by the program’s announcement: while differential corruption across transfers is also significantly reduced

¢ See Appendix A.



by recent nearby audits, responses to actual audits are much less dramatic than those to the announcement

of the program.

While few papers document the effects of monitoring on the incidence of corruption, even fewer
analyze its effects on the outcomes that corruption is supposed to detrimentally affect. Having shown that
the program significantly reduced corruption within health transfers, we move on to investigate if it
improved health indicators. We resort to the Health Ministry’s Monitoring & Evaluation framework, which
specifies which outputs and outcomes are used to track the implementation quality of each earmarked
federal transfer to municipalities.” In order to exploit the same empirical strategy, we include in our analysis
outputs and outcomes that are exclusively linked to transfers with high or low procurement intensity. While
we cannot include outcomes such as infant mortality (which is affected by a// health transfers), we can
contrast outputs and outcomes such as hospital beds and immunization coverage — which are tied to
procurement-intensive transfers —, on the one hand, to outcomes such as the population share covered by
family doctors and medical consultations per thousand inhabitants — which are tied to transfers that are not

procurement-intensive —, on the other.

Surprisingly, we find that the anti-corruption program makes health indicators significantly worse. The
program reduced per capita hospital beds, immunization coverage, and the share of households with access
to piped water, connected to the sewage network or with septic tanks. Effects are sizable, equivalent to the
average effect of losing between half and all support from federal transfers towards municipality’ budget
(in a cross-sectional comparison over the baseline period, amongst low-procurement-intensity transfers).
Contrary to the hypothesis that such negative effects might result from temporary adjustments to the new
incentives set out by the program, effects become larger and more precisely estimated when we include the

subsequent political term in the analysis.

To delve into the mechanisms behind those effects, we investigate the effects of the anti-corruption
program on other dimensions of bureaucratic performance. First, we focus on the guantity margin by
looking at public spending. Using audited amounts as proxy for spending in each set of transfers, the
differences-in-differences estimate suggests that public spending plummeted by at least 50% after the
program was introduced, consistent with the magnitude of the effect of the program on health indicators’
summary measure. In fact, the effect of the program on public spending is so dramatic that corruption per
dollar spent actually increased after the program. Second, we focus on implementation quality, taking
advantage of the richness of information from audit reports. We find that mismanagement rose one-to-one

with the fall in corruption, particularly in what comes to problems linked to the quality of health

7 For the transfers with no M&E indicators, we resort to the Health Ministry’s description of all actions under each
health transfer to define proxies for its outputs and outcomes; see Appendix A.
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infrastructure and to lack of medication in stock. These results are consistent with those responsible for
procurement reducing purchases after the program, either because bureaucrats no longer can capture rents

to the same extent, or because they are now afraid of being punished for accidental procurement mistakes.

Our findings are at odds with those of Reinikka and Svensson (2004), which document sizable positive
effects of a newspaper campaign in Uganda that disclosed official figures about the central government's
transfers to local primary schools. One possible explanation for this difference is that while Reinikka and
Svensson (2004) consider a single transfer that is delivered directly to schools, this paper considers the
universe of earmarked federal transfers to municipalities. Before benefiting citizens, such funds must be
used by local bureaucrats to procure goods and services, subject to a complex set of procurement guidelines.
This is the typical budget implementation process in developing countries, and the effects we find are
consistent with the effects of monitoring bureaucratic performance documented elsewhere (Rasul and

Rogger, 2015; Shi, 2008).

Overall, our results provide first-hand evidence that cracking down corruption may be detrimental to
the outcomes that we ultimately care about. While the Brazilian anti-corruption program represents a major
improvement in monitoring and transparency, the focus of administrative penalties and of public opinion
on corruption, instead of on the quality of public services, all seem to have thrown the baby out with the
bathwater. Expanding the scope of desirable outcomes beyond formal procedures, differentiating between
active and passive waste (Bandiera, Pratt and Valetti, 2009), and supporting local procurement staff in
complying with complex guidelines might be important steps towards balancing incentives between

procuring, on the one hand, and making proper use of public funds, on the other.

The remainder of this chapter is organized as follows. Section 2 briefly introduces the Brazilian anti-
corruption program. Section 3 describes the empirical strategy, and presents the results for the effects of
the program on corruption. Section 4 considers the effects of the program on health indicators. Section 5
discusses the mechanisms behind those effects, analyzing the impact of the program on public spending

and on finer-grain measures of implementation quality. Section 6 concludes the paper.

2 The Brazilian anti-corruption program

The Brazilian anti-corruption program (Programa de Sorteios Publicos) is a joint venture between the
Office of the Comptroller General (Controladoria Geral da Unido, CGU henceforth) and the national
lottery. It is based on periodic televised random draws that select municipalities to be audited by CGU
officials. Auditors analyze municipalities’ accounts and documentation, and physically inspect public

works and service delivery, to assess whether earmarked federal transfers are effectively spent according



to their guidelines. CGU's official website points out that auditors also interact with local councils and civil
society organizations to empower local citizens in playing an effective role in monitoring the use of tax

revenues.

The program was announced in January 2003. Four municipalities were audited as a pilot in February;
this was followed by the announcement, in March, of the municipalities selected in the first draw to be
audited in April. There was no decree or media announcement of the program prior to 2003.%2 While other
overseeing institutions were already in place prior to the introduction of the Brazilian anti-corruption
program, its announcement represented not only a substantial increase in the probability of municipalities
being audited systematically, but also on the intensity of electoral damages of being exposed as corrupt.
Summary audit reports are systematically broadcasted on the internet, newspapers, television, and radio,

and there is evidence that voters punish corrupt mayors exposed by the program (Ferraz and Finan, 2008).°

Pre-Program Post-Program
Mayors did not Mayors know
know they could they can be
be audited audited

I I
|‘ \f \

| ] ] ] ] ] ] ] ] ] ]
| | | | I I | | | | |
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Mayor’s term

Figure 1.1 - Timeline

Beyond electoral punishment, a number of administrative penalties were applied based on CGU audit
reports, and even Federal Police operations were triggered by evidence put forward by the anti-corruption
program. To date, conviction for involvement in procurement irregularities exposed by the program is one
of the very few reasons for which one can lose tenure at the public sector. Furthermore, public servants

convicted for corruption have to repay the embezzled amount out of their own pockets or go to prison.

Finally, no other major institutional changes took place over the same period. To date, the anti-
corruption program is still the most important corruption-deterrence mechanism in Brazil, and the fact that

several political attempts have been made to terminate it, to decrease the number of audited municipalities,

8 See Appendix B for more details about the program.
% Pande (2011) documents that information experiments lead voters to punish corrupt politicians more broadly.
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or to increase the time span between draws is testimony to its first-order effects on the Brazilian bureaucratic

politics’ status quo.

3 Has the anti-corruption program reduced corruption?

This section first introduces our unique dataset in subsection 3.1. Subsection 3.2 follows by discussing the
empirical strategy for identifying the causal effects of recent nearby audits; results are presented in
subsection 3.3. Next, subsection 3.4 discusses the empirical strategy for identifying the causal effects of the
announcement of the program, followed by the results in subsection 3.5. Last, subsection 3.6 discusses

robustness checks.

3.1 — Data

We draw upon a unique dataset assembled by Fundagdo Getulio Vargas' Center of Politics and Economics
of the Public Sector (CEPESP-FGV/SP), based on audit reports for constitutionally mandated health
transfers. Although auditors investigate transfers linked to several ministries, including Education,
Transports, and Environment, it is only for audit reports within Health transfers (up to July 2007) that the
year of each instance investigated by auditors was coded.'® Each audit report was independently coded by
two research assistants, who did not know what the data would be used for; disagreements were solved by

assigning the report to a third research assistant.

In our dataset, transfers are dated according to the auditor's record of the year the action investigated
accrues to. For example, consider the audit report for Quissama, selected in the 8" draw (March 2004).
While the audit took place in 2004, auditors have looked into transfers’ life cycle back to 2001. As an
example, auditors note that resources transferred in December 2001, which should have been kept in a
separate bank account, were rather kept in municipality’s health secretariat general account. We categorize
this irregularity under documentation or accounting problems, coded in our dataset as evidence of

mismanagement.*!

Our sample has 11,419 investigations. Of those, 10,538 are linked to health transfers for which we have
coded procurement intensity, distributed across 9 health transfers and 731 municipalities, between 1997 to

2007.* Procurement intensity is coded as follows. First, drawing upon Health Ministry’s list of actions

19 More specifically, we have data for draws 2 to 24 (draw 1 was a pilot).

1 See Table Al in Appendix A for the complete classification list, and Appendix C for more examples of pre- and
post-program investigations described in audit reports.

12 Those are the 9 most prevalent health transfers in CEPESP’s dataset, representing 92.3% of the total number of
coded investigations, see Table A2 in Appendix A.



under each transfer (Funcional Programdtica), we coded each action as procurement-related or not, based
on whether its official description involves words such as “inputs”, “modernization”, or “acquisition”.'?
Second, for each transfer, we compute the percentage of actions coded as procurement-related. In our
regressions, we use an indicator variable for high procurement intensity, equal to 1 if the transfer’s
procurement intensity is 50% or higher, and 0 otherwise.!* In our sample, 44.8% of investigations are linked

to procurement-intensive transfers.

Due to the retrospective nature of audits, we have a significant number of observations (1,324
investigations) for the 2001-2002 period, although, as expected, there are more observations for the 2003-
2004 period (5,748 investigations). Our dataset includes 33 types of irregularities (besides compliance,
when auditors find no irregularity), ranging from documentation problems to off-the-record invoice. One
third of these irregularities are coded as evidence of corruption, and the remainder 21 as evidence of
mismanagement. We follow Ferraz and Finan (2008, 2011) in defining corruption as procurement
problems, over-invoicing and off-the-record invoicing.!> Over 2001 and 2002, the first half of the political
term, 30.8% of the investigations in our dataset are coded as evidence of corruption. The complete

classification list is included in Appendix A.

We also have socio-demographic data at the municipality level from the Brazilian Institute of
Geography and Statistics’ 2000 census; mayor characteristics and administrative attributes from the 2000
Municipal Information Dataset (Base de Informagoes Municipais, BIM); political variables, such as turnout
and political alignment with the state governor, for each political term from the Superior Electoral Tribunal
(Tribunal Superior Eleitoral, TSE); and public finance data from the National Treasury and from the
Information System for Public Budgets in Health (Sistema de Informacées sobre Or¢amentos Publicos em

Satide, SIOPS).

3.2 Recent nearby audits: Empirical strategy

We start by testing the hypothesis that local procurement staff are subject to behavioral biases (specifically,
recency and accessibility biases; Kahneman, 2003). The idea is that the probability of being audited by the
program becomes more salient to local procurement staff when a nearby municipality is audited. To assess
this hypothesis, we estimate a non-parametric relationship between the minimum distance from

municipality’s centroid to audits in the previous year and the within-municipality subsequent variation in

13 See Table A3 in Appendix A for the complete list.

14 Results are robust to the choice of the cutoff, see the Supplementary Appendix.

15 Whenever auditors point out evidence of corruption, we restrict attention to the incumbent’s extensive margin
decision of whether or not to be corrupt, rather than to the intensive margin decision of how much to embezzle. The
reason is that the exact embezzled amount is rarely included in audit reports. We have not tried to replicate Ferraz and
Finan (2008)’s effort to proxy for this amount from the description of “missing items” in the event of corruption.
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corruption prevalence. In the local polynomial smoothing, confidence intervals weight observations by the
number of investigations used to generate municipality’s share of investigations coded as corruption. To
compute those shares, we use all 11,419 investigations between 1997 and 2007 in our dataset, regardless of

whether we have coded procurement intensity for the transfer to which they are linked.

Anticipating the next subsection, we find that recent audits within 75 km are associated with negative
subsequent variation in corruption. For this reason, we define an indicator variable equal to 1 if there was
an audit in the previous year within 75 km of the municipality’s centroid, and 0 otherwise, and stick to this

parametric form for the remainder of the paper. The following equation describes the empirical strategy.

Corruptiony;; = a+ 6, + 0, + p Within75kmp, .1 + € (1)

In equation (1), Corruption,,;; equals 1 if investigation i in municipality m at year t was coded as
evidence of corruption, and 0 otherwise; Within75km,, ,_, equals 1 if there was an audit within 75 km of
municipality m’s centroid at year t — 1, and 0 otherwise; 8, are municipality fixed-effects; 8, are year
fixed-effects; and €,,;¢ is an error term. All estimates are from Ordinary Least Squares (OLS) regressions,

clustering standard errors at the municipality level. The prediction we are interested in is § < 0.

3.3 Recent nearby audits: Results

Figure 1.2 shows the non-parametric estimate of the relationship between, on the one hand, within-
municipality variation in the share of investigations coded as corruption, and, on the other, the minimum

distance to audits during the previous year.



-15

I I I I I I I
10 25 40 99 70 85 100

Minimum distance to audits af {-1

Variation between t-1 and t in share of investigations coded as corruption
-.05
L

95% CI — Local polynomial smoothing

Figure 1.2 - Non-parametric estimate of the effect of distance to audits in the previous year on corruption

Notes on Figure 1.2:

1. Non-parametric estimate of the relationship between municipality centroid’s minimum distance do
audits in the previous year and within-municipality variation in corruption in the subsequent year;

2. Local polynomial smoothing using the number of investigations at each municipality and year as
weights;

3. Data includes all municipalities within the 10-100 km range from audits in the previous year,
between 1997 and 2007,

4. 95% confidence intervals; standard errors not clustered.

Restricting attention to previous audits between 10km and 100km from municipality’s centroid, the

figure shows the negative effects of proximity to audits on subsequent variation in corruption within 75 km

10



from municipality’s centroid.!® Effects are statistically significant at the 5% level, up to a 60 km radius.
Most importantly, consistent with the behavioral hypothesis, the effect monotonically decreases with

distance, and dies out after approximately 85 km.

Moving to the parametric estimates, which rely on the indicator variable for previous audits within a
75 km radius, we first investigate whether covariates are balanced across municipalities with and without

nearby audits in the previous year.

16 We restrict attention to this range because there are few municipalities in our sample with previous audits outside
of it (9.62% below 10km, and 15.6% above 100km). Including those leads to very large confidence intervals while
not affecting the results shown in Figure 1. Table 2 presents results for previous audits in the municipality itself.

11



Table 1.1 —Balance tests for audits within 75km in the previous year

Difference
Audits within Audits within [1-0]
75kmint-1=1 75kmint-1=0 (municipality and
year fixed-effects)
In(distance to closest State capital) 2.206 2.425 -
[0.0238] [0.0296]
In(per capita GDP in 2000) 0.518 0.548 -
[0.0189] [0.0280]
In(population in 2000) 4.170 4.185 -
[0.0276] [0.0354]
Share of public servants in formal 0.040 0.038 -
employment (in 2001) [0.00100] [0.00127]
Municipality has a radio station (in 0.533 0.585 -
2001) [0.0297] [0.0458]
Municipality has internet access (in 0.180 0.201 -
2001) [0.0217] [0.0427]
Municipality has community clubs (in 0.642 0.650 -
2001) [0.0291] [0.0437]
Literacy rate (2000) 0.753 0.774 -
[0.0086] [0.0010]
Share of municipal revenues from 0.824 0.816 -
transfers (in 2000) [0.00652] [0.0108]
Share of municipal transfer from SUS 0.093 0.082 -
(in 2000) [0.00468] [0.00433]
Share of Health transfer from federal 0.967 0.958 -
government (in 2000) [0.00508] [0.00831]
In(total revenue in 2000, R$) 15.660 15.710 -
[0.0555] [0.0744]
In(tax revenue in 2000, R$) 11.520 11.720 -
[0.116] [0.152]
Health council meets regularly (in 0.886 0.878 -
2000) [0.0170] [0.0308]

12



Table 1.1 (continued) — Balance tests for audits within 75km in the previous year

Difference

Audits within Audits within [1-0]

75kmint-1=1 75kmint-1=0 (municipality and
year fixed-effects)
Mayor serving second term 0.235 0.274 -0.038
[0.0248] [0.0417] [0.0447]
Turnout rate 0.868 0.848 0.000
[0.00363] [0.00509] [0.00737]
Electoral margin 0.141 0.136 0.000
[0.00801] [0.0140] [9.45e-10]
Mayor from Workers' Party (PT) 0.074 0.041 0.068
[0.0156] [0.0180] [0.0654]
Mayor from the same party as Governor 0.211 0.287 -0.090
[0.0232] [0.0410] [0.0759]
Mayor's age 49.250 46.480 0.139
[0.546] [0.916] [1.659]
Male mayor 0.910 0.968 -0.050
[0.0188] [0.0145] [0.0609]
Mayor elementary school drop-out 0.078 0.083 -0.019
[0.0138] [0.0213] [0.0599]
Mayor high-school drop-out 0.142 0.162 -0.023
[0.0190] [0.0305] [0.0508]
Mayor high-school graduate 0.240 0.305 -0.029
[0.0251] [0.0451] [0.0650]

Notes on Table 1.1:

1. Columns (1) and (2) present the weighted averages of each covariate for municipalities with and
without audits within 75 km in the previous year, respectively;

2. Column (3) presents the unconditional difference between the averages of the two groups for each
covariate, and column (4) presents the within municipality difference between groups also
controlling for year fixed-effects;

3. Number of investigations at each municipality and year used as weights;

4. ***p<0.01, ** p<0.05, * p<0.1.
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On the one hand, Table 1.1 shows that proximity to nearby audits in the previous year is not randomly
assigned. Municipalities with nearby audits in the past year are often closer to the State capital and vary in
other dimensions such as mayors’ age and gender distribution, turnout rates, literacy rates and reliance on
federal transfers. On the other hand, all these characteristics are held fixed when we rely on variation within-
municipality and within the political term. Even if we include the previous and subsequent political terms
in the analysis, none of the variables for which we have data at different points in time differs significantly
across municipalities with and without recent nearby audits. This means that, conditionally on municipality
fixed-effects and year fixed-effects, audits within 75 km at the previous year are as good as randomly

assigned for the purposes of our analysis.

With that result, we move on to estimate the effects of recent nearby audits on corruption in a regression
framework. Table 1.2 presents the results. Column (1) presents the result for previous audits within 75 km
controlling only for a post-program indicator variable, equal to 1 for year 2003 and above, and 0 otherwise.
The reason for including this variable is that nearby audits vary only from 2004 onwards, such that not
controlling for the introduction of the program would confound the effect of the program’s announcement
with that of the actual audits. Recent nearby audits decrease the incidence of corruption by 5.4 percentage
points, an effect statistically significant at the 1% level. When we break down this indicator variable into
two other indicators — own audits in the previous year, and other audits within the 75 km radius in the
previous year — in column (2), we can see that the effect of previous audits on the municipality itself has a
larger magnitude, as one would expect, of about 7.2 percentage points. The effect is significant at the 10%
level, despite the fact that only 6.9% of municipalities were audited more than once over this period. Last,

the coefficient on other audits within this radius is basically unaffected.
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Table 1.2 — Effect of audits within 75 km in the previous year on corruption

Investigation
coded as corruption
(@) 2 3) 4)
Audits within 75 km in t-1 -0.0543%%* -0.0118
[0.0155] [0.0253]
Own audit in t-1 -0.0716* -0.0155
[0.0369] [0.0422]
Other audits within 75 km in t-1 -0.0525%** -0.0112
[0.0151] [0.0248]
Post-program -0.205%**  -0.205%**
[0.0201] [0.0201]
Municipality fixed-effects Yes Yes Yes Yes
Year fixed-effects No No Yes Yes
Observations 11,419 11,419 11,419 11,419
Number of clusters 731 731 731 731
R-squared 0.182 0.182 0.186 0.186

Notes on Table 1.2:

1. All columns are regressions with dependent variable equal to 1 if the investigation is coded as
corruption, and 0 otherwise. See Appendix A for the definition of corruption;

2. Columns (1) to (4) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the municipal level;

4. *¥*p<0.01, ** p<0.05, * p<0.1;

W
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3.4 Program’s overall and announcement effects: Empirical strategy

To investigate the overall effect of the program, we resort to a differences-in-differences strategy. The first
dimension of comparison contrasts municipalities before and after local procurement staff learned they
could be audited. The second dimension of comparison contrasts sets of transfers with high and low

procurement intensities.

The idea is that each group is subject to different treatment intensities: procurement-intensive transfers,
for which 37% of investigations are coded as corruption in 2001-2002, have a higher scope for reducing
corruption after the program is introduced than other transfers, for which only 17% of investigations are
coded as corruption over the same period. The differences-in-differences estimator documents whether
procurement-intensive transfers experienced a systematically different variation in corruption prevalence

following the introduction of the program.

The differences-in-differences estimate captures the causal effect of the program under the
identification assumption of identical potential reported outcomes. Under additive measurement error from
misreporting by auditors, sufficient conditions for this assumption to hold are (1) parallel trends for actual
potential outcomes across the two sets of transfers; and (2) parallel trends for misreporting by auditors
across the two sets of transfers.!” The first hypothesis is the typical identification assumption for the
differences-in-differences estimator. The second hypothesis means that auditors can differentially misreport
corruption over time — as long as equally so for the two sets of transfers —, or differentially misreport
corruption across the two sets of transfers — as long as equally so over time. If auditors misreport corruption
differentially across transfers and over time, then misreporting would confound the effects of the program

captured by the differences-in-differences strategy.

The empirical strategy for identifying the overall effect of the program is described by the following

equation.

Corruptiong;; = a+ 6,, + 6; + B Post; x ProcIntensive,,;; + yProcIntensive,; + €mit 2)

In equation (2), Corruption,,;; equals 1 if investigation i in municipality m at year t was coded as
evidence of corruption, and 0 otherwise; Post; = 1 from 2003 on, and 0 otherwise; Procintensive,,;;
equals 1 for procurement-intensive transfers, and 0 otherwise; 8,, are municipal fixed-effects; 8, are year

fixed-effects; and €,,;; is an error term. Under the assumption of identical potential reported outcomes

17 See Supplementary Appendix.
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between high and low procurement-intensity transfers, 8 identifies the causal effect of the anti-corruption
program on corruption. All estimates are from Ordinary Least Squares (OLS) regressions, clustering
standard errors at the municipality level to deal with potential serial correlation of residuals (Bertrand, Duflo

and Mullainathan, 2004). The prediction we are interested in is § < 0.

We can combine the differences-in-differences strategy with recent nearby audits to separately estimate
the effect of the announcement of the program and that of the actual audits. On the one hand, the differences-
in-differences estimate captures the total effect of the anti-corruption program. On the other hand, once we
control for the differential effect of recent nearby audits across transfers with different procurement
intensities, the change in the differences-in-differences coefficient across specifications allows pinning
down the effect of the program’s announcement separately from that of the audits themselves. The

following equation describes how we modify equation (2) in order to estimate the two effects separately:

Corruptiony,;; = o+ 0, + 8, + B, Post; x ProcIntensive,,;; + yProcIntensive,,;; +

P2 Within75kmy, .1 x ProcIntensive,,;. + 6 Within75kmy, .1 + €pir (3)

Once again, all estimates are from Ordinary Least Squares (OLS) regressions, clustering standard errors
at the municipality level. The predictions we are interested in are ; < 0 and S, < 0. The difference
between f estimated from equation (2) and f8; estimated from equation (3) is that 3; parses out the effect
of the actual audits, and hence stands for the effect of the announcement of the program. We compute S, /8,

the estimated share of the overall effect of the program coming from its announcement.
Finally, even though the identification assumption for the differences-in-differences estimator cannot
be tested, if the differential effect of recent nearby audits across transfers of different procurement

intensities () agrees with the differences-in-differences estimate (f;), then we can confidently rule out

alternative explanations for the latter.

3.5 Program’s overall and announcement effects: Results

We start by considering the yearly average of the share of investigations coded as corruption for each set
of transfers, from 2001 on, displayed in Figure 1.3. Not only does corruption for all transfers fall
systematically after the program, but also, from 2003 onwards, the gap in corruption prevalence between

high and low procurement-intensity transfers basically ceases to exist.
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Figure 1.3 - Share of investigations coded as corruption by year and procurement-intensity

Notes on Figure 1.3:

1. Weighted average of the share of investigations coded as corruption, by year and by the high
procurement-intensity indicator, equal to 1 if procurement-intensity is 50% or higher, and 0
otherwise;

2. Number of investigations at each municipality and year used as weights;

3. Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A.

Furthermore, there seems to be an upward trend in corruption right before the program’s announcement,
consistent with the idea that the latter was not anticipated by local procurement staff. Last, even though the
identification assumption for the differences-in-differences strategy cannot be tested, the two sets of
transfers had basically parallel trends for the share of investigations coded as corruption before the program

was introduced.
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Before moving on to the regression framework, Table 1.3 motivates the differences-in-differences
estimator by testing two hypotheses: (1) that the unconditional difference in average corruption prevalence
across transfers with different procurement intensities is equal to zero, both before and after the program,;
and (2) that the unconditional difference in average corruption prevalence across different periods is equal

to zero, both for low and high procurement-intensity transfers.

Table 1.3 — Differences-in-differences unconditional averages

Share of investigations coded as corruption

Low High Difference
prqcurenpent- prqcuren_nent- [High - Low]
Intensity Intensity
Pre-program 0.17 0.37 0.20%**
[0.02] [0.03] [0.04]
Post-program 0.12 0.12 0
[0.01] [0.01] [0.01]
Difference -0.05%* -0.25%** -0.20%**
[Post - Pre] [0.03] [0.03] [0.03]

Notes on Table 1.3:

1. The table presents weighted averages of the share of investigations coded as corruption, by high
and low procurement-intensity and by period — before and after the anti-corruption program. The
third column presents the differences between the two sets of transfers within each period, and the
third row presents the differences between the two periods within each set of transfers. The bottom-
rightmost cell presents the unconditional differences-in-differences estimate of the effect of the
program;

2. Number of investigations at each municipality and year used as weights;

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;

4. Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A;

5. ¥ p<0.01, ** p<0.05, * p<0.1.

98]
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Before the program, procurement-intensive transfers had a 20 p.p. higher share of investigations coded
as corruption relative to other transfers (37% vs. 17%); after the program, however, this difference was
reduced to zero. Corruption among low procurement-intensity transfers fell by 5 percentage points (from
17% to 12% of investigations) after the program, while that for transfers with high procurement intensity
fell by 25 percentage points (from 37% to 12%). All in all, the differences-in-differences estimate based on
unconditional averages suggests that the program decreased corruption by 20 percentage points, an effect

over two-fold the baseline prevalence of corruption among low procurement-intensity transfers.

Since differences in unconditional averages could be confounded by the effects of other variables, in
particular by compositional changes of municipal characteristics linked to investigations in each year, we
take on to the regression analysis, exploiting within-municipality differences over time across the two sets
of transfers. Results are presented in Table 1.4. Columns (1) and (2) restrict attention to the 2001-2004
term, over which we can estimate the effects of the program while holding decision-makers fixed. Column
(1) controls for a post-program indicator variable, while column (2) includes year fixed-effects. In both
cases, the program is estimated to have reduced corruption by at least 17.8 p.p., and the effect is statistically

significant at the 1% level.
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Table 1.4 — Diff.-in-differences estimates of the anti-corruption program on corruption

Investigation coded as corruption

2001-04 1997-2007
1) (2) 3) “)
Post-program x Procurement-
intensive -0.179%** 0. 178***  -0.180***  -0.176***
[0.0338] [0.0333] [0.0324] [0.0323]
Post-program -0.0942%***
[0.0234]
Procurement-intensive 0.215%** 0.214%**  (.186%** 0.187*%*
[0.0345] [0.0339] [0.0321] [0.0321]
Second-half of term x
Procurement-intensive -0.0829%**
[0.0315]
Second-half of term -0.223%%*
[0.0516]
Audits within 75km in t-1 x
Procurement-intensive
Audits within 75km in t-1
Municipality fixed-effects Yes Yes Yes Yes
Year fixed-effects No Yes Yes Yes
Observations 7,072 7,072 10,538 10,538
Number of clusters 623 623 728 728
R-squared 0.238 0.242 0.195 0.195
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Table 1.4 (continued) — Diff.-in-differences estimates of the anti-corruption program on corruption

Investigation coded as

corruption
2001-04 1997-07
(5) (6)
Post-program x Procurement-intensive ~ -0.159***  -0,156%**
[0.0343] [0.0334]
Post-program
Procurement-intensive 0.214%** 0.187***
[0.0341] [0.0322]
Second-half of term x
Procurement-intensive
Second-half of term
Audits within 75km in t-1 x
Procurement-intensive  -0.0451*%*  -0.0470***
[0.0192] [0.0171]
Audits within 75km in t-1 0.0215 0.00706
[0.0476] [0.0264]
Municipality fixed-effects Yes Yes
Year fixed-effects Yes Yes
Observations 7,072 10,538
Number of clusters 623 728
R-squared 0.242 0.196

Notes on Table 1.4:

1. All columns are regressions with dependent variable equal to 1 if the investigation is coded as

corruption, and 0 otherwise. See Appendix A for the definition of corruption;

Columns (1) to (6) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the municipal level;

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;
Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A;

6. ***p<0.01, ** p<0.05, * p<0.1.

whk Wb

Column (3) includes the previous and subsequent political terms in the analysis, extending it to the
universe of investigations for which we have coded procurement intensity. Doing so provides evidence
about the extent to which the overall effect of the program previously identified is short-lived or whether it
consolidates over the following term. Results are basically unchanged relative to the estimates for the 2001-

04 sample. Beyond a larger sample size, including other political terms can help us rule out alternative
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explanations for the effects previously documented; in particular, proximity to elections, since the program
kicks off in the second-half of the term. For this reason, column (4) also includes a second-half of the term
indicator, equal to 1 for 1999, 2000, 2003, 2004, and 2007, and 0 otherwise, allowing it to differentially
affect procurement-intensive transfers. While proximity to elections indeed significantly reduces corruption
(8.3 p.p. more among procurement-intensive transfers), the effect of the program on corruption remains at

-17.6 p.p. and significant at the 1% level, remarkably close to the original estimate.

Finally, columns (5) and (6) decompose the overall effect of the program into that of the announcement
and that of actual audits, the former for the 2001-04 sample, and the latter for 1997-2007. Results are as
follows. First, recent nearby audits significantly decrease differential corruption prevalence across transfers
of different procurement intensities, by at least 4.5 p.p. in both cases. This is reassuring, since we have
documented that this source of variation is random conditional on municipality fixed-effects and year fixed-
effects, and since the direction of the effects agrees with the differences-in-differences estimate. Second,
about 88.5% of the overall effect of the program comes from its announcement, confirming the previous

finding about the limited effects of recent nearby audits.

We present two additional analyses to provide further evidence that the effects are driven by the
program. In Figure 1.4, we allow the differences-in-differences coefficient to vary by year, in order to
flexibly estimate the timing of effects. Effects becomes negative only for the post-program, and coefficients

are not statistically different from zero up until that year.
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Figure 1.4 - Differences-in-differences coefficient by year

Notes on Figure 1.4:

1.

Regression coefficients of interactions of year indicators with the high procurement-intensity
indicator, equal to 1 if procurement-intensity is 50% or higher, and 0 otherwise, on the share of
investigations coded as corruption;

Ordinary Least Squares (OLS) regression including municipality fixed-effects and year fixed-
effects;

Dashed lines represent 95% confidence intervals, computed from robust standard errors clustered
at the municipal level;

Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A.
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Next, we pursue a variation of the previous analysis, allowing the differences-in-differences coefficient
to vary by draw. Because the local procurement staff may take some time to adjust after learning about the
program (and since tampering with procurement paper trail is also evidence of corruption), one would
expect to see the effects kick-in only after several draws. Consistent with that hypothesis, Figure 1.5 shows
basically no effects until the 7™ draw, followed by a clear downward slope for the coefficients, particularly
after the 9" draw. The analysis suggests corruption to be quite sticky: it takes almost 2 years for the
differences-in-differences coefficient to differ systematically from zero (lottery 14 was drawn on November

17, 2004).
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Figure 1.5 - Differences-in-differences coefficient by draw

Notes on Figure 1.5:

1.

Regression coefficients of interactions of draw indicators with the high procurement-intensity
indicator, equal to 1 if procurement-intensity is 50% or higher, and 0 otherwise, on the share of
investigations coded as corruption;

Ordinary Least Squares (OLS) regression including municipality fixed-effects and year fixed-
effects;

Dashed lines represent 95% confidence intervals, computed from robust standard errors clustered
at the municipal level;

Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A.
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3.6 Robustness checks

This subsection addresses alternative explanations for the effects previously documented, and assesses the
sensitivity of results to the definition of some of the variables. First, it might be that the political pressure
around the anti-corruption program led auditors to investigate recent evidence to a lesser extent, particularly
with respect to transfers with higher scope for embezzlement. While CGU highlights that auditors have no
discretion over investigations (they have to follow service orders which pre-specify all investigations; see
Appendix B), selective auditing could still result from the way that service orders are issued. To test this
hypothesis, the Supplementary Appendix shows that the number of investigations conducted by auditors

does not vary differentially according to transfers’ procurement intensity after the program.

The Supplementary Appendix also documents that results are robust to using alternative cutoffs for
municipality’s minimum distance to audits in the previous year, to bootstrapping standard errors due to the
two-step procedure used to generate the nearby-audits indicator, to using a lower cutoff for defining the
procurement-intensive indicator variable, and to replacing the latter by a continuous measure of transfers’

procurement-intensity.

4 Has the anti-corruption program improved public service delivery?

This section starts by discussing the data we use for health indicators in subsection 4.1. Next, subsection
4.2 presents the empirical strategy for identifying the causal effects of the program, including how we
implement the differences-in-differences strategy and how we deal with multiple testing. Results are

presented in subsection 4.3. Last, subsection 4.4 discusses robustness checks.

4.1 Data

For the annual municipal-level data for health outputs and outcomes, we rely on the National Health
Database (Base de Informagoes de Saude, DATASUS), restricting attention to the municipalities and years
for which we have data on corruption. We assemble a dataset with the following indicators: number of
hospital beds per thousand inhabitants; immunization shots per thousand inhabitants'®; share of households
with proper sewage disposal (either connected to the general network or with septic tanks, which are
widespread in rural areas); share of households connected to piped water; population share assisted by the

Family Health program (Programa Saude da Familia); medical consultations per thousand inhabitants;

'8 The immunization indicator includes 28 vaccine-preventable diseases, listed under the Epidemiological and
Environmental Surveillance in Health program (VIGISUS).
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share of under-1-year-olds diagnosed with malnutrition by family doctors; share of under-2-year-olds with

diarrhea episodes; and under-1-year-old infant mortality per thousand.

To motivate the analysis, Table 1.5 assesses the cross-sectional correlation between health outputs and
outcomes and corruption at the baseline period (2001-02). All cells are coefficients from Generalized Least
Squares (GLS) regressions of each health indicator on the municipality’s share of investigations coded as
corruption and a constant term, using the number of investigations in each municipality and year as weights,

and clustering standard errors at the municipality level.
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Table 1.5 — Correlation between corruption and municipal-level characteristics in 2001-02

Correlation with
the share of investigations
coded as corruption

In(distance to closest State capital) -0.00597
[0.0492]
In(per capita GDP in 2000) 0.00917
[0.0626]
In(population in 2000) 0.0748
[0.0482]
Share of public servants in formal employment (in 2001) -1.68
[1.143]
Municipality has a radio station (in 2001) 0.0426
[0.0371]
Municipality has internet access (in 2001) 0.109*
[0.0555]
Municipality has community clubs (in 2001) 0.0407
[0.0370]
Literacy rate (2000) -1.79E-05
[0.00141]
Share of municipal revenues from transfers (in 2000) -0.23
[0.168]
Share of municipal transfer from SUS (in 2000) 0.155
[0.240]
Share of Health transfer from federal gov. (in 2000) -0.0337
[0.189]
In(total revenue in 2000, RS) 0.0225
[0.0239]
In(tax revenue in 2000, R$) 0.00632
[0.0123]
Health council meets regularly (in 2000) 0.0394
[0.0481]
Mayor serving second term 0.0485
[0.0481]
Turnout rate -0.305
[0.272]
Electoral margin 0.0824
[0.0838]
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Table 1.5 (continued) — Correlation between corruption and municipal-level characteristics in 2001-02

Correlation with
the share of investigations
coded as corruption

Mayor from Workers' Party (PT) -0.0672
[0.140]
Mayor from the same party as Governor 0.019
[0.0497]
Mayor's age -0.00291
[0.00179]
Male mayor -0.0195
[0.0577]
Mayor elementary school drop-out -0.0846
[0.0528]
Mayor high-school drop-out -0.0494
[0.0529]
Mayor high-school graduate 0.0892%**
[0.0434]
Hospital beds per thousand inhabitants 0.00764
[0.00545]
Immunization shots per thousand inhabitants 0.00114
[0.00148]
Share of households with proper sewage disposal 0.0607
[0.0959]
Share of households connected to piped water 0.0473
[0.0859]
Population share covered by Family Health program -0.0655
[0.0439]
Medical consultations per thousand inhabitants -0.00714
[0.0120]
Share of under-1-year-olds diagnosed with malnutrition -0.252
[0.401]
Share of under-2-year-olds with diarrhea episodes -0.243
[0.376]
Under-1-year-old infant mortality per thousand -0.000704
[0.000942]

Notes on Table 1.5:

1. Coefficients of Ordinary Least Squares (OLS) regressions with the share of investigations
coded as corruption as independent variable, including a constant term;
2. F¥*p<0.01, ** p<0.05, * p<0.1.
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We do not find a systematic association between corruption and health indicators at baseline.
Furthermore, considering point estimates from Table 1.5, more corrupt municipalities even have better
health outcomes in some dimensions: a decrease in corruption of 20 percentage points (around the ballpark
of our estimates for the overall effect of the program) is associated with 5 p.p. fewer episodes of diarrhea
among under-1-year-olds, and of tuberculosis among under-2-year-olds. While this contrasts with the
findings in Ferraz, Finan and Moreira (2012), which document a negative cross-sectional correlation
between corruption and educational outcomes, Table 5 also shows that more corrupt municipalities at
baseline also have more educated mayors and better access to public goods, such as internet coverage,

which might confound the cross-sectional relationship between corruption and health outputs and outcomes.

4.2 Empirical strategy

We combine the differences-in-differences strategy with recent nearby audits to estimate the effects of the
program on health outputs and outcomes. In order to exploit this empirical strategy, however, we have to
overcome two challenges. First, we need outputs and outcomes that accrue exclusively to transfers of
different procurement intensities in order to implement the differences-in-differences estimator. We deal
with this issue by resorting to the Health Ministry’s Monitoring & Evaluation framework, which specifies
which outputs and outcomes are used to track the implementation quality of each constitutionally mandated
federal transfer to municipalities. According to this framework, the outputs and outcomes we include in our
analysis are linked either to transfers with high procurement-intensity only, or to transfers with low
procurement-intensity only. For transfers with no M&E indicators, we resort to the Health Ministry’s

description of all actions under each health transfer to define proxies for its outputs and outcomes.'

While we cannot include outcomes such as infant mortality, which is affected by a// health transfers,
the outputs and outcomes that we can include are the following. For high procurement-intensity transfers:
hospital beds per thousand inhabitants, immunization shots per thousand inhabitants, household share with
proper sewage disposal, and household share with access to piped water — all of which are linked to transfers
with procurement-intensity 50% or higher. For low procurement-intensity transfers: population share
covered by the Family Health program, and medical consultations per thousand inhabitants — both of which

are linked to transfers with procurement-intensity below 50%.

The second issue is demonstrated using the following equation:

19 See Table A4 in Appendix A.
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Y,’,‘U-t = a+ 0y, + 0, + By Post, x Procintensivep,; + v ProcIntensiven ;. + €mjr  (4)

In equation (4), as before, Post; = 1 from 2003 on, and 0 otherwise; ProcIntensive,, j; equals 1 for
procurement-intensive transfers, and 0 otherwise; 6,,, are municipal fixed-effects; 8, are year fixed-effects;
and €p;; 1S an error term. Yn'; j¢ is health output/outcome k linked to set of transfers j in municipality m at
year t, where j represents either high or low procurement-intensity transfers. Since there are multiple
outputs and outcomes within each set of transfers, there is no obvious way of pairing indicators across high
and low procurement-intensity transfers in the analysis, and estimating separate regressions for each pair
would substantially inflate the probability of false positives above stated significance levels. To deal with
this issue, we convert all outputs and outcomes to z-scores, and define summary measures as the average
of z-scores within each set of transfers. Following Kling, Liebman and Katz (2007), effect sizes of the
overall effect of the program are obtained by replacing Y,¢ jt In equation (4) by the summary measure of

high and low procurement-intensity transfers in each municipality and year.*

Zmjt = a+ 6y + 6, + B Post, x Procintensiven,;; + yProcintensivenj: + €nj:  (5)

In equation (5), Zy, j; is the summary measure for health outputs and outcomes linked to set of transfers
j in municipality m at year t. Under the assumption of identical potential outcomes between high and low
procurement-intensity transfers, § identifies the causal effect of the anti-corruption program on corruption.
All estimates are from Generalized Least Squares (GLS) regressions, clustering standard errors at the
municipality level, and using the number of investigations in each municipality and year as weights. The
prediction we are interested in is S 0 . Once again, § > 0 if cracking down corruption mainly reallocates
resources towards public goods’ provision, whereas § < 0 if cracking down corruption mainly reduces

incentives for bureaucratic performance.

Once again, in some specifications we also include an indicator variable for audits within 75 km of the
municipality’s centroid in the previous year, and its interaction with the indicator variable for procurement-
intensive transfers. If the coefficient for the interaction agrees with the differences-in-differences estimate,

then we can confidently rule out alternative explanations for the latter.

20 While Kling, Liebman and Katz (2007) show that the procedure generates effect sizes with accurate confidence
intervals for binary treatments, it is straightforward to see that the algebra generalizes to the differences-in-differences
estimator.
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Finally, we do not estimate Two-Stage Least Squares (2SLS) regressions using the program’s
announcement and recent nearby audits as instruments for identifying the effect of corruption on health
outputs and outcomes. As we show in the next section, the program also affects other margins of

implementation quality; for this reason, we restrict attention to reduced-form estimates.

4.3 Results

We start by considering the yearly average of the health indicators’ summary measure for each set of
transfers, from 2001 on, displayed in Figure 1.6. If the summary measure for low procurement-intensity
transfers was about 0.4 standard deviations lower than that of procurement-intensive transfers over the
baseline period, after 2003 the former systematically increases while the latter plateaus. By 2007, in fact,

the baseline difference between summary measures of different sets of transfers was basically flipped.
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Figure 1.6 - Average health outputs’ and outcomes’ summary measure by year and procurement-intensity

Notes on Figure 1.6:

1.

Weighted average of the summary measure for health outputs and outcomes, by year and by the
high procurement-intensity indicator, equal to 1 if procurement-intensity is 50% or higher, and 0
otherwise;

Number of investigations at each municipality and year used as weights;

The summary measure for high procurement-intensity transfers includes hospital beds per thousand
inhabitants, immunization, the household share connected to the general sewage network, and the
household share with connected to piped water;

The summary measure for low procurement-intensity transfers includes medical consultations and
the population share covered by the Family Health program;

Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A.
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While Figure 1.6 suggests that the effect of the program was actually the opposite of what one would
expect if corruption was a tax on government expenditures, changes in unconditional averages could be
confounded by compositional changes of municipal characteristics for which we have corruption data in
each year, since we restrict attention to those municipalities in our analysis. Moving on to the regression
framework, we exploit within-municipality differences over time across the two sets of transfers. Effect
sizes are presented in Table 1.6. Columns (1) and (2) restrict attention to the 2001-2004 term, over which
we can estimate the effects of the program while holding decision-makers fixed. Column (1) controls for a
post-program indicator variable, while column (2) includes year fixed-effects. In both cases, the program
has a negative point estimate on the summary measure of health outputs and outcomes, although not

statistically significant at the 10% level.

Table 1.6 — Effect sizes on health outputs and outcomes summary measure

Health outputs/outcomes summary measure

2001-04 1997-2007
(@) 2 3) 4
Post-program x Procurement-intensive -0.118 -0.125  -0.288***  _(.279%**
[0.0830] [0.0825]  [0.0775] [0.0777]
Post-program 0.127**
[0.0524]
Procurement-intensive 0.232%*%  (.242%**  (.234%**  (.236%***

[0.0876] [0.0873] [0.0812] [0.0814]
Second-half of term x

Procurement-intensive -0.194*
[0.115]

Second-half of term 1.024%*%*
[0.219]

Audits within 75km in t-1 x
Procurement-intensive

Audits within 75km in t-1

Municipality fixed-effects Yes Yes Yes Yes
Year fixed-effects No Yes Yes Yes
Observations 1,874 1,874 2,703 2,703
Number of clusters 611 611 725 725
R-squared 0.604 0.611 0.516 0.517
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Table 1.6 (continued) — Effect sizes on health outputs and outcomes summary measure

Health
outputs/outcomes
summary measure

2001-04  1997-07
) (6)

Post-program x Procurement-intensive -0.126 -0.209%**

[0.0875]  [0.0797]

Post-program

Procurement-intensive 0.241***  (0.236*%**

[0.0873]  [0.0811]

Second-half of term x

Procurement-intensive

Second-half of term

Audits within 75km in t-1 x

Procurement-intensive ~ 0.00394 -0.151*
[0.100] [0.0849]
Audits within 75km in t-1 -0.0956 0.00423
[0.0967] [0.0587]
Municipality fixed-effects Yes Yes
Year fixed-effects Yes Yes
Observations 1,874 2,703
Number of clusters 611 725
R-squared 0.611 0.518

Notes on Table 1.6:

1.

B w

All columns are regressions with dependent variable equal to 1 if the investigation is coded as
corruption, and 0 otherwise. See Appendix A for the definition of corruption;

Columns (1) to (6) are Generalized Least Squares (GLS) regressions, with the number of
investigations in each municipality and year used as weights;

Robust standard errors in brackets, clustered at the municipal level;

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;
Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A;

%k p<0.01, ** p<0.05, * p<0.1;

Corr(health summary measure, share of federal transfers in mun. health budget) = 0.186, over the
2001-02 period for low procurement-intensity transfers.
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Column (3) includes the previous and subsequent political terms in the analysis, encompassing the
universe of investigations for which we have coded procurement intensity. Effect sizes increase
substantially (by more than 100%) relative to the estimates for the 2001-04 sample, and become statistically
significant at the 1% level. The magnitude of the effects in columns (1) to (3) is equivalent to losing between
two-thirds and all the support of federal transfers towards the municipality’s health budget (in a cross-

sectional comparison at the 2001-02 period, within low procurement-intensity transfers).

Column (4) includes a second-half of the term indicator, allowing it to differentially affect procurement-
intensive transfers. While proximity to elections also significantly deteriorates health outputs and outcomes
relative to low procurement-intensity transfers (an effect size of similar magnitude to that of the program),
the effect of the program on corruption remains significant at the 1% level and remarkably close to column

(3)’s estimate.

Finally, columns (5) and (6) include the indicator of recent nearby audits and its interaction with
procurement-intensity. We find that recent nearby audits have a negative and significant (at the 10% level)
effect on health outputs and outcomes when we consider the full sample, between 1997 and 2007, but not
when we restrict attention to 2001-04. Taken together with the similar pattern we documented for the effect
of the announcement of the program, this is a striking result. It suggests that health indicators become
systematically worse not because of a short-term disruptive effect of the anti-corruption program, followed
by improvements once corruption has been brought down. Instead, negative effects become larger and more

precise once we include the subsequent term in the analysis.

Because the direction of the effects of recent nearby audits agrees with the differences-in-differences
estimate, we can be credibly rule out that results are driven by alternative explanations; in particular, by
differential pre-existing trends in health indicators linked to different sets of transfers (as Figure 5 might
suggest). Last, about 71.4% of the overall effect of the program on health outputs and outcomes comes
from its announcement, an order of magnitude consistent with the effects of the program on corruption

documented in the previous section.

4.4 Robustness checks

While we have no leeway with respect to the health outputs and outcomes we can use to assess the effects
of the program under the differences-in-differences strategy, we could look at the effect of recent nearby
audits on any outcome, regardless of whether it is associated with high or low procurement-intensity
transfers only. The Supplementary Appendix presents results for the effects of nearby audits on outcomes
such as infant mortality and the share of young children affected by episodes of diarrhea or tuberculosis.

Since effects on those variables might take longer than one year to manifest, we also experiment with an
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alternative definition of previous audits, considering any previous audit within this range since the program

was launched.

We find no significant effects of either variable on these health indicators. While this might be seen as
confirmation that the program has no positive effects on health outputs and outcomes, it is important to
remember that nearby audits had limited marginal effects on corruption beyond the announcement of the

program.

Finally, we replicate the analyses in Table 6 without weighting observations by the number of
investigations used to compute the share of investigations coded as corruption in each municipality and
year. While our preferred specification is the one which weights municipalities by the same criteria we use
for computing municipal-level measures of corruption, it is not unreasonable to give all municipalities equal
weight since reduced-form estimates do not rely on corruption directly. Results are similar and, if anything,
stronger for the differences-in-differences estimate, which become about 50% larger and statistically
significant at the 5% or 1% level in all columns. However, the effect of recent nearby audits is not as robust.
While those still have a negative effect on health indicators for the 1997-2007 sample, this effect size is no

longer significant.

5 Other dimensions of bureaucratic performance

The previous results are evidence that, in this setting, cracking down corruption hurts public service
delivery. To gain a deeper understanding of why that is the case, subsection 5.1 analyzes the quantity
margin, by focusing on how public spending evolved for transfers of different procurement-intensities, both
before and after the introduction of the program. If corruption indeed creates incentives for bureaucratic
performance (either because bureaucrats capture rents, or because complying with procurement guidelines
is costly), then spending should fall as a result of lower opportunities for embezzlement — trickling down
to worse health indicators. In subsection 5.2, we analyze the quality of policy implementation. Auditors
record a range of implementation problems in audit reports, and we explore the richness of our dataset to
test whether implementation quality falls alongside the documented fall in public spending. Subsection 5.3
discusses robustness checks. In subsection 5.4, we discuss how our findings relate to the previous results

from the corruption literature.

5.1 Quantity

This subsection tests the hypothesis that the Brazilian anti-corruption program has reduced public spending.

Since the effect sizes estimated in the previous section were equivalent to cutting down federal transfers
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towards municipalities’ health budget by at least 63%, this is the benchmark for the estimates we expect to
find if lower spending is driving these results. Consistent with this hypothesis, budget execution of
voluntary federal transfers to municipalities is notably low. For the federal government’s Growth
Acceleration Program (PAC) in health, budget execution has been around 10%, and municipalities’ inability

to streamline procurement has been credited as the most important reason for such low execution rates.?!

Before we can get to the empirical strategy, however, we have to deal with a challenge about spending
data. Municipal health spending is recorded by the Brazilian Dataset on Municipal Budgets (FINBRA) only
for the total budget, not separately for constitutionally mandated transfers. Since these transfers do not
legally admit budget leftovers (such that amounts only partially executed cannot be returned to the federal
government), there is no other way to know how much municipalities actually spent out of those transfers.??
Relying on the total health budget is no feasible alternative, for two reasons. First, it would not allow us to
resort to the differences-in-differences strategy, since that would require separate data for different sets of
transfers. Second, and most importantly, these data are low-quality: subnational units have been
systematically accused of including in other expenses in the health budget (in particular, educational
expenses) in order to comply with constitutional amendment 29 (EC-29), which requires health expenses

to be at least 10% of a municipality’s total budget.?

The best we can do with the data we have is to proxy for public spending using audited amounts. Once
again, because auditors leave CGU’s headquarters with preset service orders, they do not have discretion
over which transfers (or how much) to audit. Any systematic differences in audited amounts across transfers
over time must accrue to differential spending patterns. More specifically, the idea is that, beyond
compliance with documentation and account keeping — with respect to which all transfers are always
audited on —, only spending moves a transfer up in its life-cycle and generates further objects of

investigations by the anti-corruption program.

We again combine the differences-in-differences estimator with recent nearby audits as our empirical
strategy. The dependent variable is the natural logarithm of the audited amount for each investigation, as in

the following equation:

In(Amount) iy = a + 0,, + 0; + B Post; x ProcIintensive,,;; + YProcIntensive,,;; + €nir  (6)

21 See http://www.contasabertas.com.br/website/arquivos/8134.

22 This has led some authors to wrongly assume that budget execution for these transfers is always 100% (Zamboni
and Litschig, 2013).

23 http://www.cmb.org.br/index.php/noticias-gerais/622-a-regulamentacao-da-ec-29-e-o-financiamento-da-saude-no-
brasil.
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In equation (6), In(Amount),,;; is the audited amount (in In) for investigation i at municipality m at
year t, Post, = 1 from 2003 on, and 0 otherwise; ProcIntensive,,;; equals 1 for procurement-intensive
transfers, and 0 otherwise; 6,, are municipal fixed-effects; 6, are year fixed-effects; and €,,;; is an error
term. Under the assumption of identical potential reported outcomes between high and low procurement-
intensity transfers, £ identifies the causal effect of the anti-corruption program on public spending. All
estimates are from Ordinary Least Squares (OLS) regressions, clustering standard errors at the municipality

level. The prediction we are interested in is § < 0.

Once again, in some specifications, we also include an indicator variable for audits within 75 km of the
municipality’s centroid in the previous year, and its interaction with the indicator variable for procurement-
intensive transfers. If the coefficient for the interaction agrees with the differences-in-differences estimate,

then we can confidently rule out alternative explanations for the latter.

Before we turn to the results, Figure 1.7 shows, first, that audited amounts for the two sets of transfers
followed similar trends over the pre-program period. Second, amounts for both sets of transfers fall
substantially after the program, at least until 2005. Third, and most importantly, amounts for procurement-
intensive transfers fall significantly more, and the gap between the low and high procurement-intensity

transfers is increasing over time.
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Figure 1.7 - Average public spending (proxied by audited amounts) by year and procurement-intensity

Notes on Figure 1.7:

1. Weighted average of audited amount per investigation, by year and by the high procurement-
intensity indicator, equal to 1 if procurement-intensity is 50% or higher, and 0 otherwise;

2. Number of investigations at each municipality and year used as weights;

3. There is no data on budget execution for constitutionally mandated health transfers. For this reason,
we resort to audited amounts. The idea is that, beyond compliance with documentation and account
keeping, with respect to which all transfers are always audited on, only spending moves a transfer
up in its life-cycle and generates further objects of investigations by the anti-corruption program;

4. Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A.

Table 1.7 considers the empirical regularity hinted at by the previous figure within a regression
framework. Columns (1) and (2) restrict attention to the 2001-2004 term, over which we can estimate the
effects of the program while holding decision-makers fixed. Column (1) controls for a post-program

indicator variable, while column (2) includes year fixed-effects. In both cases, the program decreases
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spending by about 50%, a huge effect statistically significant at the 10% level. Interestingly, this figure is

within range of the order of magnitude of the negative effects we previously documented on health outputs

and outcomes.

Table 1.7 — Diff.-in-diff. estimates of the anti-corruption program on public spending

In(audited amount)

2001-04 1997-2007
1) (2) 3) “4)
Post-program x Procurement-intensive ~ -0.496***  -0.490*** 0. 711***  -0.677***
[0.134] [0.133] [0.126] [0.125]
Post-program -0.374%**
[0.0965]
Procurement-intensive -0.371%*%*%  _0.377**%*  0.439%**  ().434%**
[0.133] [0.132] [0.123] [0.123]
Second-half of term x
Procurement-intensive -0.683***
[0.248]
Second-half of term -0.855%**
[0.283]
Audits within 75km in t-1 x
Procurement-intensive
Audits within 75km in t-1
Municipality fixed-effects Yes Yes Yes Yes
Year fixed-effects No Yes Yes Yes
Observations 7,072 7,072 10,538 10,538
Number of clusters 623 623 728 728
R-squared 0.416 0.416 0.412 0.413
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Table 1.7 (continued) — Diff.-in-diff. estimates of the anti-corruption program on public spending

In(audited amount)
2001-04 1997-07
(©) (6)
Post-program x Procurement-intensive =~ -0.359***  -Q.5]11***
[0.135] [0.128]

Post-program

Procurement-intensive -0.372%**  _(0.43]1***

[0.131] [0.123]
Second-half of term x
Procurement-intensive

Second-half of term

Audits within 75km in t-1 x
Procurement-intensive  -0.316** (0. 382%**

[0.123] [0.102]

Audits within 75km in t-1 0.286 0.196**
[0.174] [0.0962]
Municipality fixed-effects Yes Yes
Year fixed-effects Yes Yes
Observations 7,072 10,538
Number of clusters 623 728
R-squared 0.418 0.414

Notes on Table 1.7:

All columns are regressions with investigation’s audited amount (in log) as dependent variable;
Columns (1) to (6) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the municipal level;

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;
Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A;

6. *** p<0.01, ** p<0.05, * p<0.1.

Nk W =

Column (3) includes the previous and subsequent political terms in the analysis, extending it to the
universe of investigations for which we have coded procurement intensity. Once again in line with our

previous findings, effects increase are substantially larger (about 70%) and still significant at the 1% level.
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Column (4) includes a second-half of the term indicator, allowing it to differentially affect procurement-
intensive transfers. While proximity to elections also significantly deteriorates spending (what is expected,
since municipalities cannot procure for most of the final year of the term), the effect of the program on

corruption remains significant at the 1% level and remarkably close to column (3)’s estimate.

Finally, columns (5) and (6) include the indicator of recent nearby audits and its interaction with
procurement-intensity. We find that audits have a negative and significant effect on public spending of
about 32% within 2001-04, and up to 38% when we include the subsequent term. Once more, since the
effects of recent nearby audits are in the same direction and order of magnitude of those of the differences-
in-differences estimator, we can be confident that results are not driven by alternative explanations. Last,
about 75% of the overall effect of the program on public spending comes from its announcement, again

consistent with the effects of the program on corruption and health indicators.

To highlight how striking the results of Table 1.7 are, we can decompose variation in corruption over

time as follows:

f=E(E o

In equation (7), the first equality defines corruption at time ¢, C, as the ratio between the number of

corruption events at time t, Y;, to the number of investigations at time t, T;. The second equality just rewrites
this ratio as the product between corruption events per dollar spent at time t, %, multiplied by the average
t

spending per investigation at time ¢, ? Taking logs and differentiating with respect to time yields:
t

din(c) _ " (%) ca (7)

dt dt dt ®

The first term on the right-hand side of equation (8) is the percentage change in corruption if average

spending per investigation was held constant; the second term is the percentage change in average spending.

With 0 = —0.18, according to the results in column (2) of Table 4, and with —r = —0.49,

according to the results of column (2) of Table 7, corruption per dollar spent must have increased by 31
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percentage points; otherwise the share of investigations coded as corruption would have been reduced even

further.

Our findings for the effects of the program on corruption and public spending are consistent with a
simple model in which local procurement staff first decides whether or not to procure, and then,
conditionally upon procuring, decides whether or not to be corrupt. Intuitively, a higher probability of being
audited (and exposed as corrupt for being involved in procurement problems) discourages both corruption
and spending, particularly among procurement processes involving lower amounts; hence the potentially
positive effect of a higher audit probability on corruption per dollar spent. When we incorporate the
possibility of accidental procurement mistakes into the model, the discouragement effect on spending is

amplified.*

5.2 Quality

This subsection provides additional evidence about the mechanism linking lower corruption to worse health
indicators, by looking at the quality of policy implementation. We start by decomposing investigations not
coded as “evidence of corruption” into mismanagement and compliance.”> We follow the same empirical
strategy as equation (3), only replacing the dependent variable on the left-hand-side by indicator variables
of mismanagement (equal to 1 if the investigation is coded as evidence of mismanagement, and 0 otherwise)
or compliance (equal to 1 if the investigation is neither coded as evidence of corruption nor of

mismanagement, and 0 otherwise).

Table 1.8 presents the results. Columns (1) to (3) restrict attention to the 2001-04 term, while columns
(4) to (6) include all investigations between 1997 and 2007 in the analysis. Looking first at the effect of the
program’s announcement, we find that the decrease in corruption (columns 1 and 4) translates basically
one-to-one into an increase in mismanagement (columns 2 and 5). Compliance (columns 3 and 6) is not

significantly affected by the announcement of the anti-corruption program.

24 See Supplementary Appendix.
25 See Appendix A for the complete list of irregularities and how they are coded in our dataset.
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Table 1.8 — Diff.-in-diff. estimates of the anti-corruption program on implementation quality

[2001-04]
(1) (2) (3)

Corruption Mismanagement Compliance

Post-program x

Procurement-intensive  -0.159%*** 0.162%** -0.00276
[0.0343] [0.0442] [0.0283]
Procurement-intensive 0.214%** -0.224%** 0.0099
[0.0341] [0.0430] [0.0260]
Audits within 75km in t-1 x
Procurement-intensive  -0.0451%* 0.0235 0.0216
[0.0192] [0.0257] [0.0194]
Audits within 75km in t-1 0.0215 -0.00257 -0.0189
[0.0476] [0.0522] [0.0270]
Municipality fixed-effects Yes Yes Yes
Year fixed-effects Yes Yes Yes
Observations 7,072 7,072 7,072
Number of clusters 623 623 623
R-squared 0.242 0.25 0.301
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Table 1.8 (continued) — Diff.-in-diff. estimates of the anti-corruption program on implementation quality

[1997-2007]

“4) (5) (6)
Corruption Mismanagement Compliance
Post-program x
Procurement-intensive  -0.156*** 0.151%%* 0.00449
[0.0334] [0.0415] [0.0254]
Procurement-intensive 0.187*%** -0.199%** 0.012
[0.0322] [0.0399] [0.0247]
Audits within 75km in t-1 x
Procurement-intensive  -0.0470%** 0.0268 0.0201
[0.0171] [0.0208] [0.0135]
Audits within 75km in t-1 0.00706 -0.00617 -0.000889
[0.0264] [0.0275] [0.0126]
Municipality fixed-effects Yes Yes Yes
Year fixed-effects Yes Yes Yes
Observations 10,538 10,538 10,538
Number of clusters 728 728 728
R-squared 0.196 0.217 0.29

Notes on Table 1.8:

Columns (1) and (4) are regressions with dependent variable equal to 1 if the investigation is coded
as corruption, and 0 otherwise; columns (2) and (5) are regressions with dependent variable equal
to 1 if the investigation is coded as mismanagement, and 0 otherwise; and columns (3) and (6) are
regressions with dependent variable equal to 1 if the investigation is coded as compliance (neither
evidence of corruption, nor of mismanagement), and 0 otherwise. See Appendix A for the definition

Columns (1) to (6) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the municipal level,

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;
Procurement-intensity is coded as the share of actions under each transfer that include procurement-

1.
of corruption and mismanagement;
2.
3.
4.
5.
related words; see Appendix A;
6. *** p<0.01, ** p<0.05, * p<0.1.

For recent nearby audits, it seems that results are mixed: a little over half of the decrease in corruption

seems to translate into higher mismanagement, and the remainder, to higher compliance. Having said that,

the marginal effect of actual audits on corruption is small enough that their effect on compliance is not

statistically significant at the 10% level.

To shed further light on what ensued after the Brazilian anti-corruption program was introduced, still

resorting to the empirical strategy described by equation (3), we look separately at each category of

irregularities within mismanagement in Table 1.9, including all investigations between 1997 and 2007. In
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column (1), resource diversion represents diverting resources meant to be used for the purposes of one
transfer towards other transfers (within health or not); notice that this category does not include over-
invoicing or off-the-record invoice, instances of resource diversion that are coded as evidence of corruption.
In column (2), health council problems range from precarious facilities to below-required frequency of
meetings. In column (3), performance problems stand for complaints from final users about frustrated
consultations or admissions, about lack of availability of medication, or about low-quality health services.
In column (4), infrastructure and stock problems encompass precarious facilities in health units (including
mobile units such as ambulances), medication not properly kept in stock, or ins and outs not properly
accounted for. In column (5), hAuman resources problems represent problems with late wages, with missing
personnel, or with the composition of health teams relative to transfer’s guidelines. Last, in column (6),
documentation or accounting problems range from mix-ups in bank accounts supposed to be kept separate

to invoices with illegible information.
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Table 1.9 — Diff-in-diff estimates within mismanagement (1997-2007)

(1) ) 3) “)
Health Infrastructure
Resource . Performance
diversion council problems and stock
problems problems
Post-program x
Procurement-intensive  -0.0598%* 0.0243 -0.0677** 0.211%%*
[0.0235] [0.0149] [0.0301] [0.0263]
Procurement-intensive -0.00849  -0.0741***  (0.0925%** 0.00927
[0.0213] [0.0142] [0.0276] [0.0229]
Audits within 75km in t-1 x
Procurement-intensive 0.00739 -0.00406 0.0459** 0.0127
[0.0164] [0.00744] [0.0197] [0.0208]
Audits within 75km in t-1 -0.0285 -0.0035 -0.00442 0.0281
[0.0207] [0.00963] [0.0184] [0.0210]
Municipality fixed-effects Yes Yes Yes Yes
Year fixed-effects Yes Yes Yes Yes
Observations 10,538 10,538 10,538 10,538
Number of clusters 728 728 728 728
R-squared 0.143 0.109 0.117 0.186
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Table 1.9 (continued) — Diff-in-diff estimates within mismanagement (1997-2007)

(5 (6)
Human Documentation
resources  Or accounting

problems problems
Post-program x
Procurement-intensive ~ 0.0289* 0.0623*
[0.0148] [0.0332]
Procurement-intensive -0.0336** -0.165%**
[0.0134] [0.0310]
Audits within 75km in t-1 x
Procurement-intensive ~ 0.00411 -0.00569
[0.0129] [0.0190]
Audits within 75km in t-1 0.00722 -0.0122
[0.0133] [0.0203]
Municipality fixed-effects Yes Yes
Year fixed-effects Yes Yes
Observations 10,538 10,538
Number of clusters 728 728
R-squared 0.124 0.128

Notes on Tablel. 9:

1.

kv

Columns (1) to (6) are regressions with dependent variable equal to 1 if the investigation is coded
as the mismanagement category which labels the column, and 0 otherwise. See Appendix A for the
definition of all mismanagement categories;

Columns (1) to (6) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the municipal level;

High procurement-intensity equals 1 if procurement-intensity is 50% or higher, and 0 otherwise;
Procurement-intensity is coded as the share of actions under each transfer that include procurement-
related words; see Appendix A;

**% p<0.01, ** p<0.05, * p<0.1.

First, the results show that mismanagement increased particularly for infrastructure and medication

stock problems. This pattern is consistent with plummeting public spending. With more precarious facilities

(possibly fewer hospital beds) and with missing medication (possibly fewer vaccines), it is not surprising

that health indicators linked to procurement-intensive transfers deteriorate after the program. Second, we

also find a significant and sizable increase in documentation and accounting problems. This is suggestive

that local procurement staff might have tried to tamper with evidence for past procurement problems, an

additional piece of evidence for the extent to which bureaucrats diverted energy from public service delivery

after the program was announced.
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Third, we find that resource diversion significantly decreased after the program. This finding potentially
raises a different concern: reshuffling resources across different programs does not necessarily captures
resources from public goods’ provision, but, possibly, reallocates those resources to local priorities (which
local bureaucrats might be better equipped to identify). Last, evidence for performance problems is mixed:
while, to some extent, the announcement of the program seems to discipline the quality of service delivery

to end users, recent nearby audits significantly increase these problems.

Overall, the evidence suggests that the Brazilian anti-corruption program significantly decreased
corruption, but for all the wrong reasons. In response to the introduction of the program, local procurement
staff reduced spending within earmarked federal transfers by at least 50%. As a result, infrastructure and
medication suffered, bureaucrats felt more constrained about channeling resources towards local needs, and
the quality of health services significantly deteriorated. These negative effects do not seem to result from
temporary adjustments: not only did they not fade in the subsequent political term, but also became stronger

and more precisely estimated.

5.3 Robustness checks

One channel potentially missing from the previous analysis is voluntary transfers. Brollo (2010) argues that
lower federal support towards municipalities’ budget might be central to the electoral punishment
documented by Ferraz and Finan (2008) once a municipality is exposed as corrupt. In our setting, this might
imply that municipalities’ total health budgets become lower on average after the program, a possibility
that could also deteriorate the quality of public services. Having said that, this channel would only matter
for our results if voluntary transfers have differential trends before and after the program across transfers

of different procurement-intensities.

While there is no annual data on municipal-level voluntary funds released to each transfer that we
could link to procurement-intensity, we have annual data on municipal-level voluntary funds towards two
sets of health transfers: Basic Attention, which can use those funds for a variety of purposes, including
procurement, and Medium- and High-Complexity, whose guidelines explicitly preclude municipalities from
using its funds to procure goods or services.?® For the purposes of our analysis, we code these sets of
transfers as high and low procurement-intensity, respectively. The Supplementary Appendix shows that

voluntary transfers were systematically affected by the anti-corruption program.

26 Basic Attention encompasses Basic Attention in Health and other health transfers, such as Basic Pharmacy. Pages
55-56 of DENASUS’ “Manual de auditoria na gestdo dos recursos financeiros do SUS” (2004) explicitly preclude
the utilization of funds for Medium- and High-Complexity transfers for procurement. Although data for voluntary
transfers towards Strategic Actions transfers is also available, we do not include it because such voluntary funds are
not systematic, accruing to only about 10% of Brazilian municipalities each year.
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Last, to provide additional evidence about the mechanism, the Supplementary Appendix investigates
whether public spending was particularly reduced within sets of transfers for which bureaucrats used to
exert higher discretion at baseline. We first define a discretion-intensive indicator, equal to 1 for transfers
with above-median share of resource diversion problems unrelated to corruption before the program, and 0
otherwise. We then generate a triple interaction, multiplying the discretion-intensive indicator with the
procurement-intensive indicator and the post-program indicator. The hypothesis we test is whether
corruption is further reduced by the program within discretion-intensive transfers, beyond its differential
effect working through procurement-intensity. Consistent with the mechanism and with the results for
resource diversion in Table 9, we find that corruption is further reduced among discretion-intensive

transfers.

5.4 Relation to the literature

Corruption is conjectured to have high social costs, from static resource misallocation to inefficient
investment in factors of production for which returns are seized (Rose-Ackerman, 1997).2” However, there
is limited evidence of its effects (Banerjee, Hanna and Mullainathan, 2013; Pande, 2007). On the one hand,
corruption has been documented to pose a major obstacle to the decentralization of public service provision
in developing countries, with embezzlement levels sometimes higher than the amount that actually reaches
targeted individuals (Olken, 2006), and sometimes even reversing the progressivity of public expenditures
(Reinikka and Svensson, 2004). On the other hand, whether it actually induces inefficient outcomes or
rather represents transfers to bureaucrats, which ‘grease the wheels’ of public service delivery, remains

largely an open question.”

There are at least two reasons why cracking down corruption might be detrimental to efficiency within
a bureaucratic politics’ setting. First, under limited liability, the optimal principal-agent contract must leave
rents to the agent (Bolton and Dewatripont, 2004). If such rents are reduced, then incentives must become
less powerful (so that the participation constraint is still satisfied). Second, because it is hard to separate
corruption from discretion (Bandiera, Pratt and Valleti, 2009; Huntington, 1968; Leys, 1965; Leff, 1964),
discouraging the former often discourages the latter. This paper provides first-hand evidence for these two
mechanisms. After the introduction of the anti-corruption program, we observe both plummeting public

spending and less reshuffling of resources across different transfers.

%7 Ferraz, Finan and Moreira (2012), Méon and Weil (2010), and Méon and Sekkat (2005) present cross-sectional
evidence on the relationship between corruption and efficiency.
28 For a theoretical perspective, see Shleifer and Vishny (1993) and Banerjee, Hanna and Mullainathan (2012).
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Analyzing the causal effects of corruption is challenging. Since it is hard to obtain experimental
variation in corruption, researchers have resorted to two alternative approaches. First, mechanism
experiments (Ludwig, Kling and Mullainathan, 2012) that identify the effects of corruption in narrow
settings in which it can be experimentally varied (e.g., Zamboni and Litschig, 2013; Bertrand et al., 2007).
The advantage of this approach is control: the variation is randomly assigned and tightly linked to the
mechanism of interest. Its disadvantage is external validity: it is unclear to what extent results in these
narrow settings would carry over to the effects of corruption in society at large. Second, natural experiments
that exploit policy changes (e.g., Reinikka and Svensson, 2004; DiTella and Schargrodsky, 2003). The
advantage of this approach is external validity: this is exactly the variation that one is interested in when
thinking about the effects of corruption. Its disadvantages are manifold. In particular, anti-corruption
policies usually affect everyone, such that counterfactual analysis must rely on strong assumptions.
Furthermore, because corruption is observed only after the program kicks-off, it is often inferred from other

variables (such as prices) that include variation unrelated to the mechanism of interest.

This paper exploits variation that is externally valid and that allows for counterfactual analysis under
weaker assumptions than previous papers. By leveraging on a national anti-corruption program, we take
advantage of a shock that affects corruption in society at large. Since the program is based on random audits,
we can estimate its causal effects on corruption prevalence and on public service delivery. That allows us
to go beyond the findings of Olken (2007) and Bobonis, Fuertes and Schwabe (2015), which document the

effects of monitoring on corruption but do not analyze its effects on the quality of public goods.

Ferraz and Finan (2008) exploit variation induced by the Brazilian anti-corruption program to study
whether voters punish corrupt politicians. By comparing municipalities equally corrupt — according to audit
reports — that had reports publicized by the media right before or right after elections (only because of the
randomness of the program’s lotteries), they can estimate the effect of information on reelection rates.
Ferraz and Finan (2011) rely on the same program to answer a different question: can electoral institutions
reduce corruption? Through a regression discontinuity design, they document that second-term mayors are
corrupt to a greater extent than first-term mayors. Last, Ferraz, Finan and Moreira (2012) analyze the cross-
sectional correlation between the incidence of corruption measured by the program’s audit reports and
educational outcomes, finding a negative association between missing government funds and students’
achievement. None of these papers estimate the effect of the program on corruption or on downstream

outcomes.

Our findings are at odds with those of Reinikka and Svensson (2004), which document sizable positive
effects of a newspaper campaign in Uganda that disclosed official figures about the central government's

transfers to local primary schools. One possible explanation for this difference is that while Reinikka and
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Svensson (2004) consider a single transfer that is delivered directly to schools, this paper considers the
universe of earmarked federal transfers to municipalities. Before benefitting citizens, such funds must be
used by local bureaucrats to procure goods and services, subject to a complex set of procurement guidelines.
This is the typical budget implementation process in developing countries, and the effects we find are
consistent with the effects of monitoring bureaucratic performance documented elsewhere (Rasul and

Rogger, 2015; Shin, 2008).

6 Discussion and concluding remarks

In this chapter, we have documented that the Brazilian anti-corruption program significantly decreased
corruption, but made health indicators significantly worse. In response to the introduction of the program,
local procurement staff seem to have reduced spending within constitutionally mandated transfers by at
least 50%. As a result, infrastructure and medication suffered, bureaucrats felt more constrained about

channeling resources towards local needs, and the quality of health services significantly deteriorated.

These negative effects do not seem to result from temporary adjustments. Not only do effects persist in
the subsequent political term; they also become stronger and more precisely estimated. Moreover, it is not
the case that unspent resources are reallocated to other local priorities (that would be coded as resource
diversion) or to other municipalities (constitutionally mandated transfers cannot be returned to the federal
government). While there are no official data for budget leftovers with respect to these transfers, evidence
for other federal health programs which rely on decentralized budget execution is consistent with extremely
low execution rates. All in all, our findings suggest that extreme views such as that held by Jim Kim,
president of the World Bank, who calls corruption “developing world’s public enemy number 17, should

be taken with a grain of salt.

Our results provide first-hand evidence that cracking down corruption may hurt public service delivery.
Does this mean corruption is welfare-improving in this setting? On the one hand, it may be that local
bureaucracies have more accurate information about the local demand for public goods or about the quality
of local suppliers, along the lines of Huntington (1968). In this case, being able to deviate from transfers’
guidelines by diverting resources or targeting procurement processes to specific vendors — all recorded by
auditors as evidence of corruption — would improve welfare. On the other hand, it may be that bureaucrats
are motivated by other objectives, such as extracting personal rents from vendors, or minimizing
implementation effort. In that case, corruption would not necessarily improve welfare. Better public
services would come at the cost of redistribution towards bureaucrats, which can generate a broad set of

distortions (from vendors’ incentives to outbid other bribe offers to individuals’ perceptions about
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trustworthiness in society at large) that might out-weight its benefits. Our results for implementation quality

provide preliminary evidence that both mechanisms might be at play in this setting.

While the Brazilian anti-corruption program represents a major improvement in monitoring and
transparency, the focus of administrative penalties and of public opinion on corruption, instead of on the
quality of public services, all seem to have thrown the baby out with the bathwater. These findings suggest
that policies that expand the scope of desirable outcomes beyond formal procedures, that differentiate
between active and passive waste, and that support local procurement staff in complying with complex
guidelines might be important steps towards balancing incentives between procuring and making proper

use of public funds.

Some recent advances have moved the country in that direction. In particular, electronic procurement
has streamlined acquisition of homogenous goods and services nationwide, and some municipalities have
devised centralized procurement agencies to concentrate their best human resources across different
secretariats. Progress in other critical dimensions, however, does not show the same promise. Recurrent
corruption scandals in national politics have inflamed public opinion, with the logic of “crime and
punishment” prevailing over that of implementation quality. Moreover, the Brazilian procurement
framework — organized around Law 8.666 — has not undergone substantive improvements since 1993,
despite being systematically criticized by its complex and restrictive guidelines, in particular in what comes
to the complex procedures for procuring works and consulting services. Finally, there has not been
significant progress in expanding the scope of irregularities for which administrative penalties can be

applied since 2007; Draft Law 931 still waits to be voted upon Congress.

Despite being the highest per capita GDP country in Latin America, Brazil fares poorly in health
indicators. In 2010, according to the World Health Organization, Brazil only placed 10" out of 20 Latin
American countries with respect to infant mortality, and 13™ with respect to life expectancy at birth. Given
that the decentralization of federal spending, from 1996 on, increased municipal health budgets seven-fold
(from 0.1% of GDP in 1995 to 0.72% in 2010), we believe this paper sheds light on some critical constraints

to bringing the country’s health outcomes more in line with its development stage.

Our findings for the effects of the program on corruption and public spending are consistent with a
model in which local procurement staff decides whether or not to procure, and then, conditionally upon
procuring, decides whether or not to be corrupt. Such a model has at least two normative implications.”
First, audits should focus on investigations involving larger amounts (with the largest embezzlement

opportunities), since those involve the bulk of embezzlement, and since, within those transfers, audits

2 See the Supplementary Appendix.
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discourage procurement by the least. Second, supporting local procurement staff, building capacity to
decrease the probability of accidental procurement mistakes, may both decrease corruption (passive waste)

and increase public spending (and hence downstream outcomes).

Interestingly, in line with the first normative implication, in 2014 and 2015 the anti-corruption program
has restricted audits to larger municipalities (for which transfers involve larger amounts). The reason,
however, was of a different nature: given the fragile fiscal situation of the federal government, CGU’s
budget only allowed investigating municipalities closer to the state capital, where auditors are based. CGU

has indicated it would like to return to its all-encompassing strategy once the fiscal situation is alleviated.

The second normative implication seems to have been taken on board by CGU. In 2006, it launched
the Public Management Strengthening (“Fortalecimento da Gestdo Publica”, FGP) program, which
randomly draws municipalities for capacity building, particularly with respect to procurement guidelines —
provided through in-site training over the course of a week, combined with complementary online materials.
In fact, Lopes (2011) provides preliminary evidence that FGP significantly decreases corruption within

health transfers. This is a striking result for such a short-length in-site capacity-building intervention.

Given these findings, the optimal design of capacity-building interventions to disseminate best practices
among local procurement staff, and the extent to which those interventions can improve public service

delivery, are promising avenues for future research.
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Chapter 2
Cognitive Droughts

“The hunger, the moldy saline water from the shrinking reservoirs, the skeleton
vegetation, the dying livestock, and the forced migration are vivid realities (...)
[T]he presence of rain prophets and the many natural ‘signs of rain’ to which rural
people attribute great significance are testimonies to the psychological anxiety that
the threat of drought engenders.”

—T. Finan (2001, p. 6; emphasis added)

1 Introduction

Rainfall variation is a central dimension of the lives of the poor in the developing world.* In fact, it is the
canonical example of risk in development economics, for both its unpredictability and its substantial effects
on wages, income, and consumption. While rational responses to rainfall risk have been extensively studied,
its psychological consequences have been overlooked. This chapter tests whether rainfall risk decreases

farmer’s attention, memory and impulse control, and increases their susceptibility to behavioral biases.

Rainfall risk may affect decision-making through a variety of mechanisms. In conventional economic
theory, uncertainty about future rainfall affects individuals through risk aversion, potentially leading to
precautionary savings, insurance take-up, or investment in risk-coping technologies, such as irrigation. In
contrast, behavioral theories predict that rainfall risk could affect individuals through mechanisms other
than risk aversion. Farmers in drought-prone regions such as Northeast Brazil (scenario for the opening
quote) depend so fundamentally on rainfall that rainfall risk could bring about psychological costs. Such

costs may take the form of cognitive load.>!> 3

30 Over half a billion people worldwide live in arid regions without access to irrigation. Strikingly, a substantial share
of this population is made of farmers, and the rural poor living in fragile areas outnumber those living in favored areas
by a factor of two (Barbier, 2010). In Africa only, droughts affect between 40 and 70 million people every 5 years.
The economic costs of these events are high, and they raise almost one-to-one with the GDP share of agriculture
(Benson and Clay, 1998).

31 The predictions of the cognitive load theory with respect to the effects of risk might be interpreted as a specialization
of the “risk as feelings” hypothesis (Loeweinstein et al, 2001); see section 3.3.

32 Rainfall risk may also affect decision-making through anticipation or dread (Elster and Lowenstein, 1992; Caplin
and Leahy, 2001) or through subjective perceptions of the probabilities of future states (the affect heuristic; Finucane
et al., 2000). We do not study these mechanisms in this paper.



The mental bandwidth/cognitive load theory (Mullainathan and Shafir, 2013) predicts that the prospect
of scarcity increases the opportunity cost of allocating mental bandwidth to tasks that do not involve scarce
resources.”® The increase in the relative price of setting bandwidth to decisions involving non-scarce
resources leads to an income effect (cognitive load): by reducing mental bandwidth available for all tasks,
it may decrease attention, memory, and impulse control, and increase susceptibility to biases. On the other
hand, such relative price change also leads to a substitution effect (focus): as setting bandwidth to decisions
involving scarce resources becomes relatively cheaper, it may partially reverse the negative income effect.
As a result, decision-making under uncertainty should become worse overall, but less so in what comes to

decisions involving the resources at risk.

This chapter tests whether rainfall risk increases farmers’ cognitive load, and whether it enhances their
focus on scarce resources. Such mechanism does not operate through utility, but rather through the
foundations of decision-making, affecting choices in present and future periods, even if these choices are
unrelated to consumption smoothing. Worse decisions driven by rainfall risk, in turn, generate economic
consequences at all times and across al// states of nature, even if negative rainfall shocks do not materialize

down the line.

In order to test these hypotheses, we assess the effects of rainfall risk on cognitive load and focus using
a set of experiments, through which we explore two sources of variation that cause psychological anxiety
linked to rainfall risk. First, we exploit natural variation from recent rainfall shocks (in the previous month).
Such shocks provide farmers with signals about the rainy season and future harvest, and so should affect
worries about rainfall risk. Second, we conduct survey experiments, randomly making some farmers
worried — but not others — by means of making them think about the consequences of a drought in their
municipality (what the cognitive psychology literature calls priming). Combining these two sources of
variation allows us to overcome the disadvantages of each. We can benchmark the effects of priming to
those of the actual shocks, while the survey experiments give us higher statistical power to detect those

effects and can help us rule out alternative explanations for the effects of rainfall shocks.

Measuring the cognitive effects of rainfall risk in the field is, however, a challenging task, for two
reasons. First, while rainfall shocks provide exogenous variation in worries about rainfall, this approach
would only yield enough statistical power to detect the effects of interest if outcomes are tracked across a
large number of locations and times. To address this challenge, we follow 2,822 farmers scattered across
47 municipalities in Ceara, Northeast Brazil, over the course of four months during the rainy season.

Second, while it would be ideal to measure psychological outcomes in a controlled lab environment,

33 Even though this theory is about the effects of facing low levels, it speculates that facing variance could bring about
the same effects.
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achieving this ideal would be prohibitively costly. Research infrastructure is often spatially concentrated,
while subjects are scattered across many locations — some of them more than 5 hours away from the state

capital.

To address the latter challenge, we developed a methodology to run lab experiments in the field. We are
able to reach a large pool of farmers at high frequency using phone surveys, taking advantage of the fact
that most households in the state have cell phones. Cell phones are prevalent in most parts of the world;
Internet and smartphone apps, however, are not. To tackle this issue, we rely on a simple but innovative
technology: interactive voice response (IVR) surveys, through which farmers receive automated voice calls
(computer-managed surveys narrated by a human voice), and answer to incentivized numerical and
categorical questions through keystrokes on their cell phones. Running lab experiments over the phone
allows us to measure the outcomes of interest, but also entails additional hurdles. Many known
psychological tests used as measures of cognitive functions, such as stroop or word search, involve visual
elements that must be adapted in a way suitable to be conducted over the phone. Another contribution of

this paper is to develop audio versions of these tests.

Cognitive outcomes are organized in two categories, which capture the theoretical predictions about the
negative and positive cognitive effects of rainfall risk. The first is cognitive load, comprising tasks aimed
at assessing working memory, attention and impulse control (what cognitive psychologists call executive
functions), and outcomes that measure subjects’ sensitivity to anchoring (a cognitive bias defined as the
tendency to rely on an irrelevant initial piece of information to make subsequent judgements). The second
category is focus, comprising tasks involving scarce resources (water and money) — when relevant, in
comparison to tasks that do not involve these resources. Such tasks include (i) relative valuation of scarce
resources in simple trade-offs, (ii) performance in word search games, and (iii) sensitivity to framing in
trade-offs between scarce resources and time (a cognitive bias defined as inconsistency across decisions
that involve the same relative price between resources and time but that have different framings for baseline

values/amounts).

We find that both actual rainfall shocks and priming increase farmers’ cognitive load.** The loss in
cognitive performance coming from rainfall risk is equivalent to over 40% of the effect of actual harvest
losses on cognitive load, by the end of the rainy season, or to downgrading a farmer from high school back
to elementary school (in a cross-sectional comparison). We find that priming significantly increases focus,

whereas rainfall shocks have no effect on this measure, suggesting that living under endemic worries may

3 Since we conduct a multiplicity of tests within each category, estimating separate regressions for each outcome
would substantially inflate the probability of false positives above stated significance levels. For this reason, we build
summary measures for cognitive load and focus, following Kling, Liebman and Katz (2007).
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lead the income effect to dominate the substitution effect. Priming particularly affects farmers at
intermediate quantiles of the distributions of cognitive load and focus. This pattern is consistent with the
claim that those who are extremely worried with rainfall (with the highest cognitive load and focus) would
already have it top of mind, while for those not worried at all (with the lowest cognitive load and focus)
priming would not be enough to make it top of mind. Lastly, we offer farmers the opportunity to listen to
real credit and insurance offers. We find suggestive evidence that the psychological tax imposed by rainfall
risk may lead to a poverty trap: worries cause farmers to demand less credit for irrigation and crop insurance
(relative to credit for consumption and funeral insurance). This keeps farmers vulnerable to rainfall risk,

potentially making cognitive effects persistent.

The remainder of this chapter is organized as follows. Section 2 describes the setting, the timeline and
the lab-in-the-field technology we rely upon. Section 3 describes our empirical strategy: the design of the
experiments, the conceptual framework for the psychological effects of rainfall risk and our main
hypotheses, the outcomes we track, and our procedure for dealing with multiple testing. Section 4 presents
the results for the effects of recent rainfall shocks and priming on cognitive load and focus. Section 5

concludes the chapter, summarizing its main contributions to the literature.

2 Setting, timeline, and lab-in-the-field technology

This section first presents the setting in which our experiments take place, providing some background
about Ceara in subsection 2.1 and describing the enrollment process and the main characteristics of our
sample in subsection 2.2. Second, it presents in subsection 2.3 a detailed timeline of enrollment, data
collection and the most important milestones in terms of the rainy season, government insurance and
production decisions in Ceara. Last, it provides details about the technology we used to run lab experiments

in the field in subsection 2.4.

2.1 The State of Ceara

Ceara is a poor and drought-prone state in Northeast Brazil. Over 80% of its territory lies in the semiarid
region, and about 60% of its municipalities were faced with below-normal rainfall levels (among the bottom
1/3 rainfall levels out of the previous 30 years) every year over the previous 4 years. In an extreme year
such as 2013, all municipalities except the state capital, Fortaleza, declared emergency state in order to
receive emergency funds from the federal government to support the estimated 1.8 million family farmers
living in the state. Irrigation and modern agriculture techniques such as drip irrigation are rare in the state,

and most farmers have to rely solely on rainfall in order to harvest anything. This setting generates a great
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deal of anxiety and mysticism linked to rainfall forecasts (see Taddei, 2013, for a detailed anthropolical
account), making it a promising environment in which to study the psychological effects of worries about

rainfall risk.

2.2 Enrollment and descriptive statistics

In partnership with Ceara’s Rural Development Secretariat, we enrolled 4,084 farmers across 47
municipalities of the hinterlands of the state, over January 2015. Extension workers in each municipality
received 100 consent forms to be handed to the farmers they oversee, and through which farmers who
consented could inform their mobile phone number. Within each municipality, we directed half of the forms
to farmers living in the most drought-prone region in the municipality, and half for those living in the least
drought-prone region. Due to the high heterogeneity in microclimate within-municipality, we use this

information for stratifying treatment assignments.
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Figure 2.1 - Geographic coverage of the surveys

Despite enrolling that many farmers, 1,262 of them never answered our surveys. We cannot tell if they

did not because the phone number provided was wrong or no longer active at the time of the surveys, if the

61



telecommunications’ tower coverage in some regions is bad enough that they never have signal when we
placed the calls, or if they changed their minds and were no longer interested in participating. Appendix D
presents detailed analysis on attrition and balance. Table D2 displays the distribution of respondents per
number of calls among those 2,822 farmers that took at least one call over the course of the 4 waves; about

50% of the sample tool, at most, 8 calls.

Table D3 analyzes the marginal effect of all covariates collected at baseline on the average probability

of completing any of the 24 calls over the course of the research.

Participation seems to increase in need (higher for those living in the most drought-prone region within
the municipality, those without irrigation, and those not enrolled in Brazil’s flagship conditional cash
transfer, Bolsa Familia) but also in schooling. Most importantly, however, table D1 shows that the sources
of variation we explore for identifying the effects of interest do not significantly affect the probability of

completing calls.

Table 2.1 presents the descriptive statistics for our sample. Only 15.2% of the farmers in our sample
have access to irrigation, and only 21.4% seed cassava, a higher-return but higher-risk crop. Most of the
sample is poor: about 80% of the households live with under USD 100 a month, and the average family

size in rural areas is 3.6, according to the Brazilian Institute for Geography and Statistics’ 2010 Census.
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Table 2.1 — Descriptive statistics

Variable Sample
mean
Respondent lives in municipality’s most drought-prone region 51.6%
Respondent is male 35.9%
Respondent’s age 34.0
Respondent believes that rainy season will be good if it rains on March 19th  65.6%
Respondent’s plot is at least partly irrigated 15.2%
Respondent owns their property 31.7%
Respondent seeds cassava 21.4%
Number of rooms in respondent’s household 5.2
Respondent’s household is a beneficiary of Bolsa-Familia 77.8%
Respondent enrolled in Government insurance (Garantia Safra) 78.8%
Respondent’s average household income
x <R$200 48.0%
R$200<x<R$ 400 38.7%
R$ 400 <x<R$ 800 10.8%
x>R$ 800  2.4%
Respondent’s schooling
illiterate  19.7%
up to middle school  46.5%
high-school  29.7%
college  4.0%
Respondent offered insurance (ITT) 29.5%
Respondent accepted insurance offer (treatment) 22.6%

Notes on Table 2.1:

1. Summary statistics for variables collected at the baseline [IVR (February).
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2.3 Timeline

The rainy season in most of Ceara spans February through May. In good years, the southern part of the state
has a pre-season, in December and January, and the state as a whole has a post-season in June and July.
According to the local extension workers, most productive decisions — in particular, land preparation and
crop choice — are undertaken before January, in time for the pre-season. Enrollment in government
insurance generally takes place until the end of January. Over the course of the rainy season, most of the
margins that farmers can adjust involve labor. If rainfall allows farmers plant (mostly corn and beans),

weed, harvest, thresh, and sell.
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Figure 2.2 - Timeline

The new index insurance product was assigned over first two weeks of February. At the same time, we
collected baseline information for as many farmers as we could reach over the course of this month. Data

collection resumed in the first two weeks of each of the following four months.

2.4 Lab-in-the-field technology

While it would be ideal to measure psychological outcomes in a controlled lab environment, achieving this
ideal would be prohibitively costly. Research infrastructure is often spatially concentrated, while subjects

are scattered across many locations — some of them more than 5 hours away from the state capital.

To address this challenge, we developed a methodology to run lab experiments in the field. We are able

to reach a large pool of farmers at high frequency using phone surveys, taking advantage of the fact that
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over 87% of households in the state have cell phones. However, while cell phones are found in most areas,
the same is not ture for Internet and smartphone apps.’ To tackle this issue, we rely on a simple but
innovative technology: interactive voice response (IVR) surveys, through which farmers receive automated
voice calls (computer-managed surveys narrated by a human voice), and answer to numerical and

categorical questions through keystrokes on their cell phones.>®

Running lab experiments over the phone allows us to measure the outcomes of interest, but it also entails
three challenges. First, while we have to measure a number of outcomes in order to estimate the effects of
each treatment on both cognitive load and focus, attrition for phone surveys can be high, particularly for
calls longer than 5 minutes. To deal with that issue, we divide our lab experiments into 6 calls of at most 5
minutes each, spread over the course of 2 weeks within each wave. Second, many known psychological
tests used to measure cognitive functions, such as stroop or word search, involve visual elements which
must be adapted in a way suitable to be conducted over the phone. To deal with that issue, we design audio
versions of stroop and word search (to our knowledge, this is the first paper to perform audio versions of
these tests). Third, farmers might have no interest in taking those psychological tests seriously, a possibility
that could greatly limit the statistical power of the tests we undertake. To deal with that issue, we incentivize
performance in cognitive tests, offering an extra top-up in airtime credit of USD 0.50 for the 25% top-

performers in each wave.?’

3 Empirical strategy

This section discusses the design of our experiments in subsection 3.1, and then describes the definition of
rainfall shocks and priming in subsection 3.2 (a discussion of the insurance treatment is deferred until
section 5). Next, subsection 3.3 further details the conceptual framework we rely upon, and is followed in
subsection 3.4 by the description of the main outcomes. Last, subsection 3.5 gives details on how we

estimate the effects of interest, deal with standard errors and correct for multiple testing.

3.1 Design of the experiments

The ideal experiment would independently randomize exposure to future rainfall risk on one hand, and

insurance on the other. That way, we could compare farmers in high-risk plots to those in low-risk plots, as

35 In Brazil, 76.5% of the active lines are pre-paid, and less than 27% of households have access to internet in Ceara.
36 All calls are reverse billed, so that farmers do not need airtime credit to respond. We also incentivize completing
each call with airtime credit top-ups (about USD 0.25, equivalent to 10 SMS or 2-min in airtime).

37 The expected hourly wage from taking all surveys is USD 3.25, about four-fold the average hourly wage reported
by our sample.
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well as those with and without insurance within the subset of farmers in high-risk plots. What is crucial is
that, on average, such farmers be otherwise identical, especially in regard to harvest losses. This is because

we want to capture the effects of exposure to risk alone, not those of risk materialization.

Even though it is impossible to randomly assign farmers to different risk of a drought, in particular
holding harvest losses constant, it is possible to randomize worries about droughts, in the spirit of
mechanism experiments (Ludwig, Kling and Mullainathan, 2012). We approximate the ideal experiment
by conducting two sets of experiments. The first set tests the effects of worries about rainfall on cognitive

function, while the second considers the effects of insurance on the same outcomes.

Within the first set of experiments, we explore two sources of variation that cause psychological anxiety
linked to future rainfall variation. First, we conduct survey experiments, randomly making some farmers
(but not others) worries about the consequences of a drought in their municipality (a technique that the
cognitive psychology literature calls priming). The advantage of this approach is control: the variation is
randomly assigned, and precisely linked to the mechanism of interest. Its disadvantage is external validity:
it is unclear to what extent we should expect findings from priming experiments to hold more generally, in

particular with respect to the shocks that we actually care about.

Second, we exploit natural variation from recent rainfall shocks (in the previous month). Such shocks
provide farmers with signals about the rainy season and future harvest, and so should affect worries about
future rainfall. The advantage of this approach is external validity: negative rainfall shocks, compounded
over the season, are exactly what characterize a drought. Its disadvantages are twofold: this source of
variation is more coarse, as rainfall data varies only across municipalities and over time (whereas priming
can be randomized at the individual level), and it includes variation that is unrelated to the mechanism of

interest.

Combining these two sources of variation allows us to overcome the disadvantages of each. We can
benchmark the effects of priming to those of the actual shocks, while the survey experiments give us higher
statistical power to detect those effects and can help us rule out alternative explanations for the effects of

rainfall shocks.

Our second set of experiments concerns the hypothesis about the effects of insurance. We randomize
offers of an index insurance product that is typical in the developing world. This insurance alleviates the
material consequences of the risk of future rainfall variation, paying farmers the equivalent of their

household average income in case municipal harvest losses are 70% or higher.
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Table 2.2 — Experimental design

Offered insurance Not offered
Higher worries Treatment 1 x Treatment 2 Treatment 1
Baseline worries Treatment 2 Control group

The above table summarizes our empirical strategy. Our design allows us to estimate the effects of
worries about future rainfall by comparing Treatment 1 to the Control group, and the effects of insurance
(ITT) by comparing Treatment 2 to the Control group. The advantage of cross-randomizing the treatment
arms is that we can also compare Treatment 1 x Treatment 2 to Treatment 1, in order to both better

understand how the two treatments interplay and to pin down the underlying mechanisms.

3.2 Rainfall shocks and priming

We use two measures of recent negative rainfall shocks, both drawing on Ceara’s official monthly rainfall
data, collected by local meteorological stations for each municipality over the past 30 years.*® The first
measure is an indicator variable, equal to 1 if the municipality faced a below-normal rainfall shock in the
previous month (i.e., if the month is amongst the 30% worst in municipality’s 30-year distribution), and 0
otherwise. The second is a continuous variable, equal to the difference between municipality’s average

rainfall level over the past 30 years and the previous month’s rainfall level.

Taking advantage of the IVR technology, we prime subjects at the beginning of each survey. Upon
consenting to take a call, each farmer is randomly assigned to answer a question, either about droughts or
about soap operas. The idea is that soap operas are interesting enough that people do not hang up, but that
they should not make one systematically worry about rainfall. Other than the theme, questions have the
exact same structure for the treatment and control groups, and we vary positive and negative framings
across surveys in order to avoid systematically inducing a particular emotional state in the control group

(Lerner et al., 2014).

38 When there is more than one meteorological station within a municipality, the state also reports the average rainfall
level for the municipality as a whole. Since we do not have the GPS location of the farmers in our sample, not even
for the least and most drought-prone regions within each municipality, we cannot explore information at finer
aggregation levels.
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3.3 Conceptual framework

Psychological theories consider a variety of mechanisms other than risk aversion for how rainfall may affect
decision-making. In order to be precise about how different theories deviate from the rational-choice

benchmark, we resort to a simple framework, as follows.

A risk-averse farmer chooses how much to consume at present (x) out of her present wealth (w), how
much to consume in the future if the yield is high (cZ,) out of her wealth in this scenario (w, what happens
with exogenous probability p € [0,1]), and how much to consume if the future yield is low (c%,) out of her
wealth in this scenario (wk,), in order to maximize lifetime expected utility, discounting future payoffs
with factor § € [0,1]. Besides consumption, the farmer may choose to invest in a risk-coping technology
such as insurance or irrigation (y), which affects the wealth distribution across future states by trading-off
present consumption with future income. For simplicity, we assume there is no savings technology

available.>® Farmers’ problem is summarized by equation (1):

(ety'set) = argmax uCow =) + £ [pu (el wh ) + W =pu(chwh 0) | @)
XY 1C+1

While there are many models for how decision-making might deviate from the rational-choice
benchmark (e.g.: prospect theory), we restrict attention to deviations that are fundamentally connected to
role of risk. One such mechanism is anticipation and dread (Elster and Lowenstein, 1992), formalized by
Caplin and Leahy (2001). According to this theory, an anxiety parameter directly enters the utility function,

penalizing present consumption experiences — on top of expected utility — from exposure to future risk. In
equation (2), utility at the current period is indexed by the parameter a (W_,I:Il (y) — Wil(y)), which is a

function of the difference in wealth levels across future states (for simplicity). This theory predicts time
inconsistency: as information about risk realization unravels, anxiety disappears, and present selves would

like to revise “over-cautious” past decisions.

(7.7 ,8) = argmax u (xw - y;a (wh ) - wh0)))
x,y,{C+1}

+ 8 [pu (et wii () + (1 = pyu(cky, whi ) | @

39 This is without loss of generality, as savings could be subsumed by y.

68



An alternative mechanism is the affect heuristic (Finucane et. al, 2000). According to this theory,
feelings would mediate how individuals perceive the probability distribution of future states and the
outcomes of such lottery. For instance, a previous negative experience might lead the individual to perceive
that probability of the bad state as higher than it actually is. Related to this mechanism, there is a literature
on the effects of trauma (Callen et al., 2014; Malmendier and Nagel, 2011) which links the effects of past
shocks to those of future risk through emotional states (Lerner et al., 2014). Equation (3) captures this
hypothesis in very simple form, simply stating that the decision maker considers a subjective probability
instated of the objective one in her expected utility maximization problem, which is a function of the actual

probability but also of the difference in wealth levels across future states (for simplicity).

&7 ,&) = argmax u(x,w —y) + § [pu(cfuwi3)) + A = pu(ckuwh )| 3

2y {C+1}
. .. A H _ L
where, for simplicity, p = f (p, wii () W+1(y)).

Yet another mechanism is “risk as feelings” (Loewenstein et al., 2001), which posits that exposure to
risk may lead individuals to deviate from the maximization problem entirely, with decision-making
dominated by the emotional states elicited by the presence of risk. An interesting prediction from this model
is that risk could deteriorate the quality of all decisions, not only those related to consumption smoothing.

This mechanism is summarized in equation (4):

® .7 ,8) =F (p,wh () - wh () 4)

where, for simplicity, F (p, wil (y) — Wil(y)) is not an argmax, but rather a rule linking the probability

distribution of future states and the difference in wealth levels across those states to choices for current and

future consumption and for the risk-coping technology.

Related to this mechanism, the stress and negative affect hypothesis (Haushofer and Fehr, 2014) predicts
that (exposure to future) shocks induce higher cortisol levels and anxiety, diverting attention from goals to
habitual behavior, and increasing the influence of external stimulus (Eysenck et al., 2007). Even if through

a different mechanism, most predictions from this model also operate through risk aversion.

The final mechanism we discuss is the cognitive load/bandwidth theory (Mullainathan and Shafir, 2013),
which posits that individuals worrying about (future) scarcity suffer consequences of two sorts. First, a
negative effect: worries act as a distraction or as cognitive load. This effect predicts lower attention and

memory, and increased susceptibility to biases. Second, a positive effect: by making scarce resources top
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of mind, worries enhance focus. This effect predicts better performance in tasks involving scarce resources,

and lower susceptibility to biases in trade-offs involving those resources.

While this mechanism if essentially cognitive (while Loewenstein et al., 2001, emphasize the non-

cognitive effects of risk), it can be represented as a specialization of the “risk as feelings” hypothesis.
Formally, it can be summarized by equation (4), where F (p, wil (y) — Wil(y)) is not an argmax, with

the additional condition stated in equation (5): decisions that involve the resources at risk should be closer

to the rational-choice benchmark than other decisions (the enhanced focus effect).

Iy =yl < IX — x| 5)

In this paper, we restrict attention to the mental bandwidth/cognitive load theory for two main reasons.
First, in the same vein of the “risk as feelings” hypothesis, it predicts that risk could deteriorate the quality
of all decisions, not only those related to consumption smoothing. Second, it provides a much sharper test

of the mechanism given its prediction for focus enhancement.

With that in mind, our first hypothesis is that worries about future rainfall worsen cognitive function.
Distinguishing between the positive and negative effects of worries, we expect a negative effect on
cognitive load, and a positive effect on focus (in particular, lower sensitivity to framing in trade-offs
between scarce resources and time; Shah, Shafir, and Mullainathan, 2015). Our second hypothesis is that,
to the extent that insurance alleviates the material consequences of future rainfall variation, it should

mitigate its effects on cognitive function.

3.4 Outcomes

Cognitive outcomes are organized into two categories, which capture the negative and positive effects of
worries about rainfall that we previously outlined.*’ The first is cognitive load, comprising tasks aimed at
assessing working memory, attention and impulse control (executive functions; Diamond, 2013), and
outcomes that measure subjects’ sensitivity to anchoring (a cognitive bias defined as the tendency to rely

on an irrelevant initial piece of information to make subsequent judgements; Kahneman, 2011).

The motivation for looking at executive functions is that those are the foundations of decision-making;

effects on attention, memory and impulse control should be pervasive across the different domains of

40 We have pre-registered the study at AEA RCT Registry. Even though we did not list the regressions we would run,
we specified the outcomes’ categories and outlined how we would look at the effects of priming experiments and
insurance on both cognitive load and focus.
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farmers’ choices. The motivation for looking at anchoring is that this bias is supposed to be prevalent at the
time farmers are making production decisions, trying to anticipate future prices with past prices as

reference; in fact, our pilot study has documented systematic evidence of anchoring in this setting.

We measure working memory through digit span tests, in which subjects must remember as many digits
as they can from the numbers they hear (the more digits accurately recalled, the higher the score). We
measure attention and impulse control through stroop tests, in which subjects must answer the number of
times they heard a particular digit repeated in a sequence. While it is tempting to press the digit that he or

she just heard repeated multiple times, the correct answer is never the digit itself.

For sensitivity to anchoring, subjects are initially primed with a high number (the price per kg of a live
goat in the previous year, which was R$ 4), and are then asked to choose a price band for another price
(either the future price of beans in their municipality, or the price of a subway ticket at a different state).

We define anchoring as the tendency to choose higher price bands.*!

The second category is focus, comprising tasks involving scarce resources (water and money) — when
relevant, in comparison to tasks that do not involve these resources. Such tasks include (i) relative valuation
of scarce resources in simple trade-offs, (ii) performance in word search games, and (iii) sensitivity to
framing in trade-offs between scarce resources and time (a cognitive bias defined as decisions being
influenced by whether monetary values or water amounts are presented as high or low; following and

expanding on Shah, Shafir and Mullainathan, 2015).

In principle, worse performance in psychological tests could accrue entirely to factors as stress or
undernutrition (in the case of negative rainfall shocks). Focus has the potential to help us understand
whether the cognitive function mechanism is at play. If susceptibility to biases changes differentially for
tasks and decisions “inside the scarcity tunnel”, that would provide evidence that at least part of the effects

are driven by the psychology of scarcity, through reallocation of mental bandwidth.*?

We measure tunneling (Mullainathan and Shafir, 2013) through the relative valuation of the scarce
resources in simple trade-offs — between money and cashews, or between water and cashews — relative to
the valuation of a non-scarce resource in the same trade-off — between oranges and cashews. Tunneling is
defined as the tendency to report higher rates of substitution (offering less money or water in exchange for
cashews than what one offered in oranges in exchange for the same cashews). Another way we measure

tunneling is through word search games, in which subjects must correctly identify whether or not they heard

41 Price bands were: “below R$ 3.40”, “between RS 3.40 and 3.80”, “between R$ 3.80 and 4.20 *“ and “above R$ 4.20”
(see Appendix A).

42 For instance, Shah, Shafir and Mullainathan (2015) document that worries with scarcity (induce through priming)
lead to lower sensitivity to framing in decisions involving the scarce resource.
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specific words in a sequence of words narrated with audio distortion. Scores compare subjects’
performances in instances involving resources (money or water) to those involving neutral words (husband

or brother). The higher the differential performance within subject, the higher our measure of tunneling.

For sensitivity to framing, we use subjects’ answers in trade-offs between resources and time as building
blocks. These trade-offs address decisions between buying an item at the baseline price, or purchasing it at
a discount price at a store located 40 minutes away, and between getting a baseline quantity of water gallons
from a water truck at the current location, or getting an extra gallon at a different truck located 1 hour away.
Such trade-offs are presented under different scenarios for the baseline price or quantity of water (high or
low). We define sensitivity to framing as disagreement between subject’s decisions to go to the different
location, in each case, when the baseline value/quantity is high relative to when it is low. When a subject
decides to buy the good at the current location regardless of the baseline value, or to go to the other location
for water regardless of the baseline quantity, then there is no framing effect. Conversely, when subjects
decide differently conditionally on baseline value/quantity, then there is a framing effect. The analysis of
this variable is restricted to subjects that (i) answered both questions that offered these trade-offs, which
were spread across different calls within each wave of the survey; and (ii) were equally primed (or not

primed) in both calls. For this reason, we have less observations in this case.

3.5 Estimation and summary measures

For each outcome, we estimate the empirical counterparts of §; in equations (6), (7), and (8), where each

outcome Y/ is indexed by municipality m, individual i and survey t:

erlit =a+06,+6;+ B}Rainfallm,t_l + Uit (6)
Y. =a+0m+ Bf Primingmir + Ui (7)
lYTiLit =a+0p + .8]'31TTmi + Uit )]

In equations (6) to (8), a is a constant term; 8,,, 8, and 6,,,; are municipality fixed-effects, survey fixed-
effects, and municipality-survey fixed-effects respectively; Rainfall,,._; is either measure of rainfall
shock in the month immediately before the survey; Priming,,;; equals 1 if individual i was primed at

survey t, and 0 otherwise; ITT,,; equals 1 if individual i was offered insurance, and 0 otherwise; and u,;,;;
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is an error term. We cluster standard errors at the municipality level in equation (6), and at the individual

level in equations (7) and (8), in order to account for potential serial correlation in residuals.

Some remarks are in order. First, due to Ceara’s high microclimate heterogeneity, in practice we define
0,,, as municipality-region fixed-effects (and 8,,,; as municipality-region-survey fixed-effects). As such, we
explore variation within individuals living in the least/most drought-prone in each municipality. Second,
equation (7) could include individual fixed-effects or even individual-survey fixed-effects; however, our
panel is very unbalanced, such that many subjects do not respond to the same call at different waves (see
Table D2 in Appendix D). In the Supplementary Appendix we show that including individual fixed-effects
basically does not affect point estimates, but substantially decreases the precision of estimated coefficients.

Since we conduct a multiplicity of tests within each category, estimating separate regressions for each
outcome would substantially inflate the probability of false positives above stated significance levels. For
this reason, we build summary measures for each set of outcomes and for cognitive load, following Kling,
Liebman and Katz (2007). To do that, first we normalize all outcomes to z-scores. Second, following Kling
and Liebman (2004), we run seemingly unrelated regressions (SUR) to compute an effect size § for each

summary measure, given by equation (9):
K &
.1 Bi
P25 ®

In equation (9), B ; are the point estimates obtained for ordinary least squares (OLS) regressions of YJ

on a particular treatment variable, 6jc is the variance of that outcome for the control group, and K is the

number of outcomes in that category. We use bootstrapping to obtain standard errors for .

4 Does rainfall risk increase farmers’ cognitive load?

This section considers the hypothesis about the effects of rainfall risk on farmers’ cognitive function and
decision-making. We start by analyzing the effects of actual harvest losses on cognitive load in subsection
4.1, using them to motivate the analysis of our survey experiments and natural experiments on the following
subsections. Next, subsection 4.2 discusses some basic threats to identification of causal effects in our
experiments. Subsection 4.3 presents the effects of these experiments on worries about rainfall, followed

by their effects on cognitive load in subsection 4.4, and on focus in subsection 4.5. Next, subsection 4.6
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presents the effects of these experiments on a real economic decision: the relative demand for production-
related credit and insurance. Subsection 4.7 summarizes robustness checks, while subsection 4.8 discusses

how our findings relate to the previous results from the cognitive load/bandwidth literature.

4.1 Harvest losses

To motivate the effects of interest, we start by considering the relationship between harvest losses and
farmers’ cognitive load. Harvest losses are measured by Government as the difference between estimated
harvest — based on projections for planting area and yield in January (pre-season) — and actual harvest —
verified in late May (post-season) through audits in randomly selected plots in each municipality. Since the
January predictions account for all information available before the rainy season (including planting area
and crop choices), harvest losses can be considered randomly assigned. Cognitive load, which we
introduced in section 4, encompasses performance in test that executive functions — attention, memory and
impulse control —, and susceptibility to anchoring. Using the average of the summary measures of the
outcomes under these categories to illustrate the effect of harvest losses on cognitive load, we find the

following.
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Figure 2.3 - Effects of harvest losses on cognitive load

Notes on Figure 2.3:

1.

Panel 1 (May) is a linear fit of the average of the standardized summary measure (z-score) for
outcomes under the cognitive load category in that month, and the harvest loss between February
and May. Cognitive load measure subjects’ attention, memory, and impulse control, and
susceptibility to anchoring. See Appendix B for the definition of all variables. Harvest losses are
measured by government as the difference between estimated harvest — based on projections for
planting area and yield in January (pre-season) — and actual harvest — verified in late May (post-
season) through audits in randomly selected plots in each municipality;

Panel 2 displays three linear fits of the average of the standardized summary measure (z-score) for
outcomes under the cognitive load category in that month, and the harvest loss between February
and May, for municipalities below 50% harvest losses, between 50% and 70%, and above 70%
harvest losses. Garantia-Safra, the government’s index insurance, pays out for enrolled farmers in
municipalities with harvest losses 50% or higher, and the insurance product we designed pays out
for enrolled farmers in municipalities with harvest losses 70% or higher, both according to the
government’s end-of-May report.
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Restricting attention to Figure 2.3’s Panel 1, cognitive load increases with harvest losses by May (the
last month of the rainy season, when uncertainty is resolved but before payout eligibility has been
announced). Even if suggestive, there is not enough statistical power to estimate this effect as statistically

significant.

What is more, we are interested in the psychological effects of exposure to risk, separate from the
consequences of the materialization of risk. For those reasons, we move on to study the effects of our
experiments on worries, on cognitive load and focus. Nevertheless, we can use the correlations between
harvest losses by May and the measures of cognitive load and focus to benchmark the effects of the

treatments on those measures to those of actual losses by the end of the rainy season.

4.2 Balance and attrition

Both below-normal rainfall shocks and rainfall deviations from municipality’s historical average are
plausibly randomly assigned across municipalities at any given time. In particular, previous rainfall
realizations do not help predict future rainfall: neither measure displays systematic patterns of serial
correlation (auto-correlation coefficients are not significant up to two lags, and there are insufficient
observations to estimate higher-order lags). In our survey experiments, priming is randomly assigned at the
beginning of each call, ensuring that the treatment and control groups are balanced in expectation in what

comes to observable and unobservable characteristics.

One might be still concerned that treatment (either rainfall shocks or priming) interacts with other
attributes to determine which individuals self-select into completing the phone surveys. Even in the case of
priming, this might work by participants selectively hanging up, for instance, after being primed about
droughts at the beginning of a call. If that happens selectively (either based on observed characteristics or
on unobserved ones, like cognitive load), then our estimates would confound the effect of treatment with

that of those attributes.

Table D1 presents the results of ordinary least squares (OLS) regressions with an indicator variable of
whether or not each call was completed as dependent variable, and with each of our treatments as
independent variables in columns (1) through (3). The marginal effects of facing a negative rainfall shock,
or of being primed on the probability of completing a call, are not only not statistically significant, but also

very small in magnitude (below 1% for both variables).*

4 Qur previous discussion about attrition indicated that some characteristics significantly affect the average
probability of completing the surveys (see Table D3). This would only matter if we were interested in heterogeneous
treatment effects. If that were the case, we could re-weight observations in order test the sensitivity of the estimates
to selective attrition.
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Table D4 displays differences in baseline covariates across municipalities that did and did not face
below-normal rainfall shocks at the previous month. Out of 13 baseline covariates, the difference between

treatment and control is significant for only 1, a ratio that one would expect to happen by mere chance.

Table D5 displays the differences across the primed and not-primed subsamples considering all baseline
covariates. Most differences are not significant, and the few that are — number of rooms and schooling —

are of tiny magnitude, of about 1.5% of the average of the control group in both cases.

4.3 Worries about rainfall

Worries about rainfall are measured through a survey question about the extent to which someone in the
household worried about rainfall in the previous week (“not at all”, “a little”, or “a lot”; see Appendix A).
We normalize this variable to a z-score and estimate ordinary least squares (OLS) regressions of worries

on both measures of rainfall shocks, on priming, and on their interaction.

Columns (1) and (2) present the effect of below-normal rainfall shocks. Column (1) includes
municipality fixed-effects, while column (2) does not, yet controls flexibly (with a third-order polynomial)
for municipal-level harvest losses. Those specifications explore different sources of variations (within-
municipality in the first column, and across municipalities in the second), both of which should affect
worries about future rainfall while holding actual losses constant. In both cases, we find that below-normal
rainfall shocks increase worries by about 60% of the effect of losing access to irrigation (in a cross-sectional

comparison), but the effect is not statistically significant.
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Table 2.3 — Effects of rainfall shocks and priming on worries about rainfall

(1) ) ©) “4) (5)
worries  worries worries
(within (across (within ~ worries  worries
cities) cities) cities)
Below-normal rainfall 0.025 0.021 -
[0.0378] [0.0428]
Negative rainfall shocks 0.0202
[0.0549]
Priming 0.0618*  -0.0306
[0.0355] [0.0490]
Below-normal rainfall x Priming 0.182%**
[0.0650]
Harvest loss (cubic polynomial) No Yes No No No
Municipality fixed-effects Yes No Yes No No
Wave fixed-effects Yes Yes Yes No No
Municipality-wave fixed-effects No No No Yes Yes
Observations 3,781 3,781 3,781 3,871 2,529
Number of clusters 47 47 47 1,902 1,240
R-squared 0.016 0.043 0.029 0.119 0.117
Notes on Table 2.3:
1. All columns are regressions with standardized concern with rainfall (z-score) as dependent variable.
See Appendix A for the definition of each variable;
2. Columns (1) to (5) are Ordinary Least Squares (OLS) regressions;
3. Robust standard errors in brackets, clustered at the municipality level for rainfall variables and at
the individual level for priming and insurance;
4. For rainfall variables, due to the low number of clusters, p-values computed using t-statistics with
G — 2 degrees of freedom, where G is the number of clusters (Angrist and Pischke, 2008);
5. ¥ p<0.01, ** p<0.05, * p<0.1;
6. Corr(worries, irrigation) = —0.035.

Along these lines, column (3) presents the effect of the continuous measure of negative rainfall shocks,

with municipality fixed-effects. Its effect is also sizable but not statistically significant. For all rainfall

variables, standard errors are clustered at the municipality level. With only 47 groups, we have limited

statistical power to detect the effects on any particular outcome. The survey experiments do not suffer from

this limitation. In fact, the effect of priming on worries, presented in column (4), is positive (about twice

that of lack of irrigation) and significant at the 10% level. Most importantly, speaking to the mechanism of

interest, that effect comes entirely from the subsample that faced negative rainfall shocks in the previous
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month: column (5) presents the result for the interaction of priming with below-normal rainfall shocks, a

very sizable and statistically significant effect (at the 1% level).

4.4 Cognitive load

Moving on to analyze the effects of worries on cognitive load, we present the results for the effect sizes of
rainfall shocks and priming on this summary measure in Table 3. Columns (1) through (4) present the
effects of within- and across-municipality variation in rainfall, considering the two measures of recent
rainfall shocks. In 3 out of 4 cases the coefficient is statistically significant at the 10% level and, most
importantly, effect sizes across different sources of variation are strikingly similar. The loss in cognitive
performance coming from higher worries with future rainfall is massive: tantamount to that which would

arise from moving a farmer from high school back to elementary school.

79



Table 2.4 — Mean effect sizes of rainfall shocks and priming on summary measure of cognitive load

Cognitive load

(@) 2 3) “4) ()
Below-normal rainfall 0.022 0.041**
[0.0222] [0.0190]
Negative rainfall shocks 0.046* 0.045*
[0.0258] [0.0228]
Priming 0.055%**
[0.0198]
Harvest loss (cubic polynomial) No Yes No Yes No
Municipality fixed-effects Yes No Yes No No
Survey fixed-effects Yes Yes Yes Yes No
Municipality-survey FE No No No No Yes
Observations 8,173 8,173 8,173 8,173 8,173
Number of clusters 47 47 47 47 1,950
Notes on Table 2.4:

1. All columns are effect sizes ( Zf 1 AB . ), with ,3j’s computed from Seemingly Unrelated
Regressions (SUR) with standardized dependent variables (z-scores) for executive functions and
anchoring; where 6jc is the standard deviation (at the individual level) in the control for each
summary measure. See Appendix A for the definition of each variable;

2. Outcomes are normalized such that positive values means worse cognitive performance (lower
attention, memory and impulse control, and higher sensitivity to anchoring);

3. Columns (1) and (2) SUR are based Generalized Least Squares (GLS) municipality-level
regressions with the number of respondents in each city, wave, and call as weights. Column (3)
SUR is based on an Ordinary Least Squares (OLS) regression.

4. Bootstrapped standard errors in brackets, with 1,000 simulations, clustered at the municipality level
for rainfall variables and at the individual level for priming and insurance;

5. ¥ p<0.01, ** p<0.05, * p<0.1;

6. Corr(cognitive load (May), harvest losses) = 0.100 s.d.;

7. Corr(cognitive load, schooling) = —0.022.
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The effect of priming, presented in column (5), is also negative and statistically significant (at the 1%
level, since the survey experiments have higher statistical power to detect the effects of interest), remarkably

similar to those of recent rainfall shocks.

To shed further light on this psychological mechanism, we examine how the effects of priming vary with
the distribution of cognitive load using quantile regressions. For these regressions, we average all z-scores
within the summary measure.** One difficulty is that we cannot include fixed-effects even with generalized
quantile regressions, since we have a large number of municipalities and few time periods (Powell, 2013).
However, because of stratified randomization, including municipality-survey fixed-effects increases
precision but mostly does not affect point estimates. For this reason, we run quantile regressions without
including fixed-effects. Figure 2.4 presents quantile regression estimates with confidence intervals for

quantiles 0.1 to 0.9.

4 Doing so has little effect on point estimates from the SUR estimation. See Supplementary Appendix.
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Figure 2.4 - Coefficients from quantile regression of cognitive load summary measure on priming

Notes on Figure 2.4:

1. Coefficients of quantile regressions of cognitive load summary measure on priming about droughts,
not including fixed effects;
2. 90% confidence intervals, standard errors not clustered.

We find that the highest effects are concentrated in the middle of the distribution. This is consistent with
the claim that those who are too worried with rainfall (with the highest cognitive load) would already have
it top of mind, while for those not worried at all (with the lowest cognitive load), priming would not be

enough to make it top of mind.

Last, Figures 2.5 through 2.7 present the components of the cognitive load summary measures. Together,
they show that the results for indices are consistent with negative results for both executive functions and

sensitivity to anchoring.
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Figure 2.5 - Effects sizes of below-normal rainfall on cognitive load and focus (90% confidence interval)

Notes on Figure 2.5:

1.

The figure displays coefficients and 90% confidence intervals for summary measures and for all
individual outcomes under each category;

Effect sizes are defined as (lZlef—j
K O‘jc

Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standardized
dependent variables (z-scores) for the components of each outcome category; where §;_ is the

), with ﬁj’s computed from Seemingly Unrelated

standard deviation (at the individual level) in the control for each summary measure;

All outcomes are normalized such that a positive coefficient means worse performance for
components of the cognitive load summary measure and better performance for components of the
focus summary measure.
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Figure 2.6 - Effects sizes of rainfall shocks on cognitive load and focus (90% confidence interval)

Notes on Figure 2.6:

1.

The figure displays coefficients and 90% confidence intervals for summary measures and for all
individual outcomes under each category;

Effect sizes are defined as (lZ;(:lf—j
K O']'C

), with S ;’s computed from Seemingly Unrelated
Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standardized
dependent variables (z-scores) for the components of each outcome category; where §;_ is the
standard deviation (at the individual level) in the control for each summary measure;

All outcomes are normalized such that a positive coefficient means worse performance for
components of the cognitive load summary measure and better performance for components of the
focus summary measure.

Since rainfall deviation from municipality’s 30-year average is a continuous variable, we use the
standard deviation of the control group for below-normal rainfall shocks to compute effect sizes
for the summary indices.
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Figure 2.7 - Effects sizes of priming on cognitive load and focus (90% confidence interval)

Notes on Figure 2.7:

1.

1. The figure displays coefficients and 90% confidence intervals for summary measures and for all
individual outcomes under each category;

Effect sizes are defined as (%Zﬁ'{:laﬁ_;;)’ with Bj’s computed from Seemingly Unrelated

Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standardized
dependent variables (z-scores) for the components of each outcome category; where §;_ is the
standard deviation (at the individual level) in the control for each summary measure;

All outcomes are normalized such that a positive coefficient means worse performance for
components of the cognitive load summary measure and better performance for components of the
focus summary measure.
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4.5 Focus

Table 2.5 presents the results for the effect sizes of rainfall shocks and priming on the summary measure of
focus. Once again, columns (1) through (4) present the effects of within- and across-municipality variation
in rainfall, considering the two measure of recent rainfall shocks. In all cases the coefficient is not
statistically significant. For priming, however, the effect size is positive, sizable (about 5 times that of being

relocated to municipality’s most drought-prone region) and statistically significant at the 10% level.

Table 2.5 — Mean effect sizes of rainfall shocks and priming on summary measure of focus

Focus enhancement

@) 2) 3) “4) €)]

Below-normal rainfall -0.015 0.005
[0.0344] [0.0308]
Negative rainfall shocks -0.001 -0.003
[0.0435] [0.0336]
Priming 0.050*
[0.0267]
Harvest loss (cubic polynomial) No Yes No Yes No
Municipality fixed-effects Yes No Yes No No
Survey fixed-effects Yes Yes Yes Yes No
Municipality-survey FE No No No No Yes
Observations 9,370 9,370 9,370 9,370 9,370
Number of clusters 47 47 47 47 1,917

Notes on Table 2.5:

1. All columns are effect sizes (% Zﬁ-(:l;—_j), with ﬁj’s computed from Seemingly Unrelated
Jc

Regressions (SUR) with standardized dependent variables (z-scores) for tunneling and sensitivity
to framing; where c’fjc is the standard deviation (at the individual level) in the control for each

summary measure. See Appendix A for the definition of each variable;

2. Outcomes are normalized such that positive values means enhanced focus (higher relative valuation
of scarce resources, and lower sensitivity to framing in decisions involving scarce resources);

3. Columns (1) and (2) SUR are based Generalized Least Squares (GLS) municipality-level
regressions with the number of respondents in each city, wave, and call as weights. Column (3)
SUR is based on an Ordinary Least Squares (OLS) regression.

4. Bootstrapped standard errors in brackets, with 1,000 simulations, clustered at the municipality level
for rainfall variables and at the individual level for priming and insurance;

5. #* p<0.01, ** p<0.05, * p<0.1;

Corr(focus (May), harvest losses) = 0.025 s.d.;

7. Corr(focus, most drought-prone) = 0.011.

&
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One way to reconcile these different effects is to think of worries as changing the relative price of
allocating mental bandwidth to tasks involving non-scarce resources. As worries increase, there is both a
substitution effect (focus enhancement) and an income effect (cognitive load). For extreme shocks, the
income effect dominates. Another possibility is that negative rainfall shocks affect other margins, like

nutrition, which work in the direction of worsening performance in cognitive functions across all tasks.

The effects of the different shocks on the components of the summary measure of focus, illustrated in
Figures 6 through 8, might be consistent with the overlay of income and substitution effects discussed in

the previous paragraph, particularly in what comes to sensitivity to framing.

Last, we also run quantile regressions (without fixed-effects) to examine how the effects of priming vary
with the distribution of focus. Figure 3 presents quantile regression estimates with confidence intervals for

quantiles 0.1 to 0.9.
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Figure 2.8 - Coefficients from quantile regression of focus summary measure on priming

Notes on Figure 2.8:

1. Coefficients of quantile regressions of focus summary measure on priming about droughts, not
including fixed effects;
2. 90% confidence intervals, standard errors not clustered.

Once again, we find that the highest effects are concentrated in the middle of the distribution. Together
with the results for cognitive load, the focus enhancement effect of priming provides further evidence that

the effects of worries about future rainfall operate through the cognitive load/bandwidth mechanism.

4.6 Economic decisions

Finally, we document that this mechanism translates into economic decisions. While cognitive function lies
at the foundation of every decision (Burks et al., 2009; Dohmen et al., 2010; Benjamin et al., 2013), it is

challenging to link it explicitly to decision-making outside the lab. To explore the sources of variation that
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we combine, we must be able to track farmers’ decisions that are possibly influenced by our survey
experiments; the effects of priming, however, are short-lived.* To overcome this challenge, we include real
economic decisions directly in our phone surveys, by giving farmers the opportunity to listen to real credit
and insurance offers. Farmers do not have to pay to listen to an offer, but choosing to do so makes the call
take about 30 seconds longer. We alternate across waves whether offers relate to production (credit for

irrigation and crop insurance) or to consumption (credit for consumption and funeral insurance). 46

We track farmers’ decisions of whether or not to listen to those offers, and define relative demand as the
differential demand for listening to a production-related offer relative to that for listening to a consumption-
related one. That variable equals 0 if the subject listened to both or to neither production- and consumption-
related offers of credit/insurance; 1 if he/she listened to the production-related, but not to the consumption-
related one; and -1 if the other way around. Hence, the analysis of this variable is restricted to subjects that
(i) took both calls that contained these offers, which were spread across different waves of the survey; and
(i) were equally primed (or not primed) in both calls. For this reason, we have substantially less

observations in this case.

Before we come to the results, there are three issues about the analysis worth highlighting. First, we
analyze the demand for credit/insurance linked to production relatively to that linked to consumption for
the following reason: even if, for instance, priming or rainfall shocks increased the likelihood of listening
to an offer about credit for irrigation, farmers have a fixed budget set. Hence, what matters is the budget
share allocated to production-related credit and insurance. The relative demand measure aims to capture

this concept.

Second, since there are many other goods and services for which budget shares may be affected by
worrying about rainfall risk, we restrict attention to how demand changes within two well-defined financial
products, which can be tied to either consumption or production, in order to illustrate the mechanism

through which these effects may play out.

Third, the particular choices we make for production-related credit and insurance — credit irrigation and
crop insurance — are no accident. Even if, from the farmers’ perspective, it may be optimal to demand
relatively more credit for present consumption than for irrigation (the same rationale applies to insurance),
it still means that this decision has the potential to make cognitive effects persistent, by keeping farmers

vulnerable to rainfall risk.

4 See Supplementary Appendix.
46 We alternate content such that there is new information available every wave. All information conveyed through
these offers is real; see Appendix A for the full script of the credit and insurance offers.
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Table 2.6 presents the results for ordinary least squares (OLS) regressions of relative demand as
dependent variable. All exogenous sources of variation in worries negatively affect the demand for
production-related credit and insurance, relative to consumption-related offers. The effect of below-normal

rainfall shocks is statistically significant at the 5% level.

Table 2.6 — Mean effect sizes of rainfall shocks and priming on summary measure of relative demand

(1) (2) 3)
relative relative relative
demand demand demand

Below-normal rainfall -0.203**
[0.0934]
Negative rainfall shocks -0.0929
[0.0696]
Priming -0.0377
[0.0923]
Municipality fixed-effects Yes Yes No
Survey fixed-effects Yes Yes No
Municipality-survey fixed-effects No No Yes
Observations 867 884 884
Number of clusters 47 47 693

Notes on Table 2.6:

1. All columns are effect sizes (%Zj'(n%), with Bj’s computed from Seemingly Unrelated

Regressions (SUR) with standardized dependent variables (z-scores) for relative demand for
production-related credit and insurance offers relative to its consumption equivalent; where 6]-6 is

the standard deviation (at the individual level) in the control for each summary measure. See
Appendix A for the definition of each variable;

2. Outcomes are normalized such that positive values means enhanced focus (higher relative valuation
of scarce resources, and lower sensitivity to framing in decisions involving scarce resources);

3. Columns (1) and (2) SUR are based Generalized Least Squares (GLS) municipality-level
regressions with the number of respondents in each city, wave, and call as weights. Column (3)
SUR is based on an Ordinary Least Squares (OLS) regression.

4. Bootstrapped standard errors in brackets, with 1,000 simulations, clustered at the municipality level
for rainfall variables and at the individual level for priming and insurance;

5. *¥*p<0.01, ** p<0.05, * p<0.1;

6. Corr(relative demand (June), harvest loss) = —0.027.
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The fact that both negative rainfall shocks and priming decrease the demand for these products (relative
to credit for consumption and funeral insurance) suggests how the psychological tax imposed by worries
might lead to a poverty trap. Rainfall risk not only increases farmers’ cognitive load, but may also decrease
the demand for irrigation and crop insurance, keeping farmers vulnerable to uncertainty and making

cognitive effects persistent.

4.7 Robustness checks

This subsection summarizes the robustness checks presented in the Supplementary Appendix. First, one
might worry that including individual-fixed effects might change the effects of priming on worries,
cognitive load and focus, or decision-making. Because we have a very unbalanced panel (see Appendix D),
we would lose many observations from exploiting within-individual variation in outcomes only; for this
reason, we do not include individual-fixed effects in the main paper. In principle, doing so should not affect
our results: survey experiments rely on randomization, such that fixed-effects should only increase the
precision of the estimates if the panel data were balanced. The Supplementary Appendix shows that
including individual fixed-effects has little effect on point estimates, although effects are much less

precisely estimated, with substantially less observations.

Second, one might worry that controlling for baseline covariates might change the effects of negative
rainfall shocks or priming on worries, cognitive load and focus, or decision-making. Since covariates are
balanced across treatment and control groups for both rainfall shocks and survey experiments, controlling
for covariates should only increase the precision of our estimates. However, because we do not have
information on baseline controls for all subjects, we end up having lower precision due to somewhat smaller
sample sizes. The Supplementary Appendix shows results, first without controls but restricting the sample
to the subset of individuals for which we have data on baseline covariates, and then including those variables

in the regressions. We find that estimates are not affected by controlling for baseline covariates.

Last, we analyze the robustness of our results for sensitivity to framing. One might wonder to what
extent (the risk of) scarcity only decreases sensitivity to framing in decisions of the sort that Shah, Shafir
and Mullainathan (2015) entertain, which we adapt for trade-offs between money or water, on one hand,
and time on the other; or if it extends to all decisions involving resources more broadly. In particular, it
would be interesting to know if it extends to time preferences, since the consequences of time-inconsistency
among the poor is an active topic in economics (e.g.: Gruber and Koszegi, 2004; Ashraf, Karlan and Yin,

2006; Schilbach, 2015).
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To measure time inconsistency, we use subjects’ responses in intertemporal trade-offs as building
blocks. Such trade-offs present decisions between receiving a monetary transfer / free irrigation of part of
one’s plot at a given time period, on one hand, and receiving a higher sum / higher share of the plot if the
subject waits one additional week, on the other. Trade-offs are presented under different scenarios for the
baseline horizon for receiving the transfer / irrigation (a week or a month from today). We define time-
inconsistency as discrepancies across decisions to receive money / irrigation at the baseline period or one
week later when the baseline horizon changes. When a subject decides to receive the transfer at the baseline
period, regardless if it is today or in a month from now, or to have only % of his or her plot irrigated at the
baseline period, irrespective if it is today or in a month from now, then there is no time inconsistency (no
sensitivity to framing). Conversely, when subjects decide differently conditionally on the baseline horizon,

then there is time-inconsistency (sensitivity to framing).

The Supplementary Appendix shows that priming significantly reduces time-inconsistency, in line with
our previous finding for focus enhancement. Interestingly, higher consistency plays out through higher —
rather than lower — patience. Furthermore, this finding falsifies the prediction from the anticipation/dread

theory (Caplin and Leahy, 2001) that worries about future risk should lead to more inconsistencies.

4.8 Relation to the literature

While the mental bandwidth/cognitive load theory concerns the effects of facing low levels of resources, it
conjectures that those effects could also extend to facing variance. This paper is the first to provide evidence

that the predictions of the theory also apply to risk.

Our results are also in line with previous findings for the effects of scarcity on psychological outcomes.
Mani et al. (2013) find that poverty significantly decreases 1Q. Through a variety of survey experiments
priming subjects about expenses, it finds that priming adversely affects poor subjects’ performance in
cognitive tests. The paper connects these experiments with the finding of sugarcane farmers’ differential
performance in Raven matrices’ tests, before and after harvest, taking advantage of (assumed randomly)
staggered harvesting dates induced by a monopsonist sugar mill. Shah, Shafir and Mullainathan (2015) find
that priming decreases subjects’ susceptibility to framing through a variety of survey experiments, using
tests very similar to the ones used in this paper. More closely associated with droughts, Haushofer and Fehr

(2014) explore the effects of negative rainfall shocks on stress, measured by cortisol levels.

Relative to Mani et al. (2013) and in Haushofer and Fehr (2014), we are better able to rule out alternative
explanations for our empirical findings, for four reasons. First, we combine natural variation with survey

experiments, which are based on randomization and are tightly linked to the mechanism of interest. Second,
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our psychological tests are undertaken within, at most, 5 minutes from the priming, discarding alternative
mechanisms that could confound the effects of worries — in particular, differential nutrition. Third, by
relying on an automated technology to run our lab experiments, our findings are not subject to recent
criticism about experimenter bias (Doyen et al., 2012), which posits that interviewers’ awareness of the
objective of priming experiments creates a tendency to find significant effects. Fourth, we are able to assess
both cognitive load and focus enhancement, providing crisp evidence for the cognitive load/bandwidth

mechanism.

In contrast to previous results, Carvalho, Meier and Wang (2015) find that changes in economic
circumstances do not significantly affect cognitive performance or the quality of decision-making.
Randomly assigning subjects to be surveyed right before or right after payday in a sample of poor US
individuals, they find that those surveyed after payday have higher expenses and are somewhat less
concerned about making ends meet. Nevertheless, they do not perform differentially in psychological tests
that are in the same spirit of the ones we perform in this paper, nor exhibit different risk aversion or present-
bias than those surveyed before payday. While the experiment is internally valid, it is unclear to what extent
its findings are generalizable: worries may not vary substantially with payday in this setting. Having said
that, the fact that payday is certain in the experiment may suggest that it is risk — rather than predictable
changes in economic circumstances — which plays a central role in the previous findings of Mani et al.

(2013).

The evidence that negative rainfall shocks increase cognitive load even holding harvest losses fixed also
has implications for other areas of development research. It suggests that rainfall shocks may not satisfy
the exclusion restriction necessary for a valid instrumental variable in uncovering the relationship between
poverty and stress (Haushofer and Fehr, 2014), and the relationship between poverty and conflict (Miguel,
Satyanath and Sergentin, 2004).%’

5 Discussion and concluding remarks

Using a combination of survey experiments and natural variation in recent rainfall shocks, this chapter has
documented that rainfall risk increases farmers’ cognitive load and their susceptibility to a variety of
behavioral biases. The fact that survey experiments also improve farmers’ performance in tasks involving

scarce resources further supports the interpretation that these effects are driven by the bandwidth/cognitive

47 Higher cognitive load leads to positive affect and higher fairness; Schulz et al. (2014).
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load mechanism (Mullainathan and Shafir, 2013). This paper is the first to provide evidence that the

predictions from this theory carry over from actually having too little to the risk of having too little, as well.

Such a mechanism is fundamentally different from the conventional rational responses to future rainfall
variation, working through risk aversion. The latter predicts that the risk of a drought might impact current
choice variables that affect the distribution of outcomes across states of nature in the future, trading off
payoffs across states. The mechanism we study in this paper predicts that a/l current choice variables might
be impacted by anticipation and anxiety, possibly leading to lower payoffs in every state of nature in the

future, regardless of the occurrence of a drought.

There are two reasons to believe that these effects could be first-order. First, the impact of worries on
cognitive function that we find in this setting are sizable. The gap in cognitive performance across farmers
differentially affected by rainfall risk is equivalent to that between farmers in municipalities with no harvest
losses and those in municipalities with over 40% losses at the end of the rainy season (in a cross sectional-
comparison). Second, in any given year, only some farmers are actually hit by a drought (in Ceara, for

instance, 1/3 of municipalities are affected each year on average), whereas all of them are always at risk.

Cognitive function lies at the foundation of every decision, and we have illustrated its link with decision-
making through the demand for production-related credit and insurance. The fact that both negative rainfall
shocks and priming decrease the demand for these products (relatively to credit for consumption and funeral
insurance) suggests how the psychological tax imposed by worries might lead to a poverty trap. Exposure
to droughts increase worries, which not only lead to worse-quality decisions but also decrease the demand

for crop insurance, keeping farmers exposed and making these effects persistent.
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Chapter 3

Insurance Against Cognitive Droughts

1 Introduction

Having documented in the previous chapter that rainfall risk affects farmers’ cognitive function, we move
on to study whether insurance mitigates those effects. In theory, insurance could mitigate the effects of
rainfall risk on cognitive function by alleviating its material consequences. While previous research has
pointed out that insurance may provide “peace of mind” (Krantz and Kunrether, 2007), this is the first paper

to test this hypothesis.

We randomize offers of an index insurance product that is typical in the developing world. This
insurance alleviates the material consequences of rainfall risk, paying farmers the equivalent of their
household average income in case municipal harvest losses are 70% or higher. We exploit the fact that
farmers face liquidity constraints before government insurance pays out in August.*® The insurance product
we randomize pays out already in June, when marginal utility should be very high if harvest losses are that
high.** Moreover, we assign insurance in February, when many crucial production decisions — in particular,
planting area and crop choice — have already been undertaken and cannot be changed. That way, we shut
down rational responses that operate through the risk-aversion mechanism. Most of the 1,192 farmers who

were offered the new product took it up.*

Surprisingly, we find that index insurance does not systematically affect farmers’ worries about rainfall
or cognitive load. Why does insurance have no effects? It is not a matter of statistical power: calculations
indicate that we would be able to detect effects of insurance of similar magnitude to those of the survey
experiments. Most importantly, point estimates of its effects on worries are actually positive (and, hence,
not a matter of precision), and its effect on cognitive load is a very precise zero. The null result is also not
due to heterogeneity: we do not find systematically different effects of insurance for subsets of participants

presumably more worried about rainfall — those without irrigation, those otherwise uninsured, those living

48 From monthly face-to-face interviews, about 80% of the sample has no credit intake over the course of this period,
and less than 50% has a checking account.

4 About 30% of the sample faced municipal harvest losses of 70% or higher in 2015.

30 Take up rate was 76.5%. The main reason provided for rejecting the offer was the concern that taking up this product
would make farmers ineligible for government insurance, even though the script was explicit about this not being the
case. See Appendix C for the call center scripts.



in the most drought-prone regions of each municipality, and those facing negative rainfall shocks or

randomly primed about droughts.

These results suggest that farmers’ anxiety might be relatively difficult to alleviate. One possibility is
that shortcomings of index insurance, such as distrust and basis risk (Dercon, Gunning and Zeitlin, 2015;
Clarke, 2011), may preclude it from reducing farmers’ worries, and even make them worry even more.
Index insurance is very prevalent in the developing world, mainly because other forms of insurance involve
very high verification costs. Some of its features — from the structure of payouts to the choice of the index
— may affect not only insurance take-up, but also its effectiveness. Insurance products that pay out
infrequently, that are based on indices computed over long periods, or that are too complex to understand
(such as yield insurance, based on random audits to a sample of plots in each municipality) may not help

mitigate worries about droughts and their detrimental effects on farmers’ decision-making.

The remainder of this chapter is organized as follows. Section 2 describes the insurance policy, its
assignment, and take-up. Section 3 presents the results for the effects of insurance on cognitive load and
focus. Section 4 concludes the paper with a discussion of the implications of our results for the design of

financial solutions for the poor.

2 Index insurance, assignment and take-up

This section starts by describing the new index insurance product in subsection 2.1, and by providing details

about treatment assignment, insurance distribution, and take-up in subsection 2.2.

2.1 New index insurance product

We randomly assigned offers of a new index insurance product to 1,192 farmers within our pool of enrolled
subjects. This insurance alleviates the material consequences of the risk of future rainfall variation, paying
farmers the equivalent of their household average income (about USD 47.5) in case municipal harvest losses
are 70% or higher. The design of the insurance policy combines the two features that we discussed might
affect worries. It alleviates the material consequences of future rainfall variation, possibly decreasing
farmers’ worries about droughts , and it pays out based on a municipal-level index, possibly making farmers

WOITry more.

There are two challenges to identifying the effects of insurance on worries and cognitive function in this
setting. First, most farmers in our sample also have access to government insurance, which pays out 5 times
the amount our insurance does, for 50% or higher municipal harvest losses. This might mean that farmers

do not worry about future rainfall, regardless of the assignment of our product, or that, even if they do, the
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marginal decrease in exposure from additional coverage is not enough to make them worry less. Second,
insurance induces rational responses through the risk-aversion mechanism, which might affect cognitive

function through variation unrelated to the mechanism of interest.

We deal with the first challenge by exploiting the fact that farmers face liquidity constraints before
government insurance pays out in August. The insurance product we randomize pays out already in June,
when marginal utility should be very high if harvest losses are that high. We deal with the second challenge
by assigning insurance in February, when many crucial production decisions — in particular, planting area
and crop choice — have already been undertaken and cannot be changed. That way, we shut down rational

responses that operate through the risk-aversion mechanism.

2.2 Assignment and take-up

We distributed the new index insurance free of charge through a call center, completely separate from the
surveys, so as not to induce any sort of reciprocity bias (individuals offered insurance exerting higher effort
at cognitive tests, for instance). Out of the 1,192 farmers offered the new product free of charge, 912
(76.5%) accepted it. The main reason provided for rejecting the offer was the concern that taking up this
product would make farmers ineligible for government insurance, even though the script was explicit about

this not being the case.’!

All estimates presented are intention-to-treat (ITT) effects, comparing those farmers offered insurance
to those who were not offered, within each municipality and wave. We present estimates for treatment

effects on the treated (ToT) in the Supplementary Appendix.

3 Results

This section starts by revisiting harvest losses in subsection 3.1 to motivate the effects of interest. Next,
subsection 3.2 discusses some basic threats to identification of causal effects in our experiment. Subsection
3.3 presents the effects of the experiment on worries about rainfall, followed by their effects on cognitive
load and focus in subsection 3.4. Subsection 3.5 presents results for heterogeneous treatment effects and
summarizes robustness checks. Subsection 3.6 discusses some reasons for why index insurance might have
no effects in this setting, and presents results for heterogeneous treatment effects by municipality’s average

trust. Subsection 3.7 discusses how our findings relate to the other research about insurance.

31 See Appendix C for the call center scripts.
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3.1 Harvest losses revisited

To motivate the effects of interest, we go back to the relationship between harvest losses and farmers’
cognitive load, in Panel 2 of Figure 3.1. By June, after harvest losses are made public, cognitive load
decreases right after 50% harvest losses, the threshold at which government insurance pays out, and right
after 70% harvest losses, the threshold at which the new insurance product pays out (the effects shown are

lower bounds, since it considers municipal averages without accounting for assignment status).
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Figure 3.1 - Effects of harvest losses on cognitive function

Notes on Figure 3.1:

1.

Panel 1 (May) is a linear fit of the average of the standardized summary measure (z-score) for
outcomes under the cognitive load category in that month, and the harvest loss between February
and May. Cognitive load measure subjects’ attention, memory, and impulse control, and
susceptibility to anchoring. See Appendix B for the definition of all variables. Harvest losses are
measured by government as the difference between estimated harvest — based on projections for
planting area and yield in January (pre-season) — and actual harvest — verified in late May (post-
season) through audits in randomly selected plots in each municipality;

Panel 2 displays three linear fits of the average of the standardized summary measure (z-score) for
outcomes under the cognitive load category in that month, and the harvest loss between February
and May, for municipalities below 50% harvest losses, between 50% and 70%, and above 70%
harvest losses. Garantia-Safira, the government’s index insurance, pays out for enrolled farmers in
municipalities with harvest losses 50% or higher, and the insurance product we designed pays out
for enrolled farmers in municipalities with harvest losses 70% or higher, both according to the
government’s end-of-May report.
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Even though we do not have sufficient statistical power to detect those effects as statistically significant,
these findings are strongly suggestive that insurance has the potential to mitigate the adverse effects of
worries about rainfall risk on the cognitive function. This is because the effects are driven by eligibility,
rather than actual payout — which is processed only in August for the government policy, and in late June

for the new policy.

Since our interest is on whether insurance might mitigate the effects of worries, earlier on, before
uncertainty is resolved, we move on to study the effects of our field experiment on cognitive load and focus.
Nevertheless, we can use the correlations between payout eligibility for Garantia Safra and the summary
measures of cognitive load and focus by June (restricting attention to the municipalities between 40% and
60% harvest losses, the narrowest bandwidth for which these correlations can be computed) to benchmark

the effects of insurance on those measures.

3.2 Balance and attrition

Insurance offers are assigned ensuring that the treatment and control groups are balanced in what comes to
baseline covariates. However, not all enrolled subjects participate, as we have previously discussed, and
one might be concerned that treatment assignment interacts with other attributes to determine which
individuals self-select into participating. If that is the case, then our estimates would confound the effect of

treatment with that of those attributes.

Column (1) of table B1 presents the result of an ordinary least squares (OLS) regression with an indicator
variable of whether each call was completed as dependent variable, and with the intention-to-treat indicator
as independent variable. The marginal effect of having been offered insurance on the probability of

completing a call is not statistically significant, and quite small in magnitude (1.3%).

Table B2 displays the differences across the subsamples offered insurance and not offered, considering
all baseline covariates. Differences are significant for only 1 out of 13 variables, as one would expect to

happen out of mere chance.

3.3 Worries about rainfall

Using the same working definition of worries about future rainfall as before, Table 3.1 presents results of
Ordinary Least Squares (OLS) regressions of worries on insurance (ITT). Column (1) presents the effect of
insurance itself, and columns (2) through (5) also include its interaction with the variables we previously

documented to increase farmers’ worries. In none of the specifications does insurance have significant
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effects on worries about rainfall. What is more, point estimates are positive in all but one case, the opposite

of what one would expect if farmers thought of insurance as alleviating the material consequences of future

rainfall variation.

Table 3.1 — Effects of insurance on worries about rainfall

) 2) 3) 4)
worries worries worries worries
Insurance (ITT) 0.0325 -0.00149 0.0323 0.0157
[0.0394] [0.0543] [0.0545] [0.0453]
Insurance (ITT) x Below-normal rainfall 0.0704
[0.0717]
Insurance (ITT) x Priming 0.00197
[0.0760]
Insurance (ITT) x Below-normal rainfall x
Priming 0.0769
[0.0812]
Priming 0.0615 -0.0306
[0.0452] [0.0490]
Below-normal rainfall x Priming 0.155%*
[0.0718]
Municipality-wave fixed-effects Yes Yes Yes Yes
Observations 3,871 3,871 1,848 1,848
Number of clusters 1,902 1,902 1,063 1,063
R-squared 0.118 0.119 0.119 0.119

Notes on Table 3.1:

1.

kW

All columns are regressions with standardized concern with rainfall (z-score) as dependent variable.
See Appendix A for the definition of each variable;

Columns (1) to (4) are Ordinary Least Squares (OLS) regressions;

Robust standard errors in brackets, clustered at the individual level;

% p<0.01, ** p<0.05, * p<0.1;

Corr(worries, irrigation) = —0.035.
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3.4 Cognitive load and focus

Table 3.2 presents the mean effect sizes of insurance on the summary measures of cognitive load and focus.
Given the null effects of insurance on worries, discussed in the previous subsection, it is not surprising that
insurance (ITT) also has no effects on either cognitive load or focus. In fact, the effect of insurance on

cognitive load is a precisely estimated zero.

Table 3.2 — Mean effect sizes of insurance on summary measure of cognitive load and focus

(1) 2)
cognitive focus
load enhancement
Insurance (ITT) 0.003 -0.047
[0.0237] [0.0292]
Municipality-survey fixed-effects Yes Yes
Observations 8,356 9,370
Number of clusters 1,950 1,917

Notes on Table 3.2:

1. All columns are effect sizes ( Zf 1 Aﬂ]), with ,3j’s computed from Seemingly Unrelated
Regressions (SUR) with standardized dependent variables (z-scores) for executive functions and
anchoring; where 6jc is the standard deviation (at the individual level) in the control for each

summary measure. See Appendix A for the definition of each variable;

2. Outcomes are normalized such that positive values means worse cognitive performance (lower
attention, memory and impulse control, and higher sensitivity to anchoring) and enhanced focus
(higher relative valuation of scarce resources, and lower sensitivity to framing in decisions
involving scarce resources);

3. Columns (1) and (2) SUR are based Generalized Least Squares (GLS) municipality-level
regressions with the number of respondents in each city, wave, and call as weights. Column (3)
SUR is based on an Ordinary Least Squares (OLS) regression.

4. Bootstrapped standard errors in brackets, with 1,000 simulations, clustered at the municipality level

for rainfall variables and at the individual level for priming and insurance;

% p<(.01, ** p<0.05, * p<0.1;

Corr(cognitive load (May), harvest losses) = 0.100 s.d.;

Corr(cognitive load (June), payout eligibility) = —0.023 s.d.;

Corr(focus (May), harvest losses) = 0.025 s.d.;

Corr(focus (June), payout eligibility) = — 0.013 s.d.

0 XN

Figure 3.2 shows that the absence of insurance effects on cognitive load is consistent across both

executive functions and sensitivity to anchoring.
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Figure 3.2 - Effects sizes of insurance (ITT) on cognitive load and focus (90% confidence interval)

Notes on Figure 3.2:

1. The figure displays coefficients and 90% confidence intervals for summary measures and for all
individual outcomes under each category;

2. Effect sizes are defined as (%Zﬁg:l;—ij)’ with ﬁj’s computed from Seemingly Unrelated

Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standard-ized
dependent variables (z-scores) for the com-ponents of each outcome category; where 6;_ is the
standard deviation (at the individual level) in the control for each summary measure;

3. All outcomes are normalized such that a positive coefficient means worse performance for
components of the cog-nitive load summary measure and better perfor-mance for components of
the focus summary measure.

103



3.5 Heterogeneity and robustness checks

One possibility is that even though index insurance does not mitigate the effects of worries on cognitive
function on average, it might do so for specific subsets of farmers. Insofar as priming seems to affect farmers
who neither perform too well nor too poorly on cognitive tests, it might also be that only part of the
distribution is marginal in what comes to the effects of insurance. To investigate this hypothesis, we start
by running quantile regressions (without fixed-effects) to examine how the effects of insurance (ITT) vary

with the distribution of cognitive load.

Figure 3.3 presents quantile regression estimates with confidence intervals for quantiles 0.1 to 0.9.
Insurance does have positive effects on cognitive performance among farmers who perform the worst with
respect to executive functions and sensitivity to behavioral biases. Extending the rationale used for the case
of priming, insurance has positive effects only among farmers who worry the most about future rainfall.
While this is testimony to the potential benefits of insurance, in this setting such benefits accrue to a very

narrow subset of farmers.

104



-020 -0.10 0.00 0.10 0.20
| | 1

Coefficient of insurance (ITT) on cognitive load

-0.30

0 2 4 6 8 1
Quantile of cognitive load

Figure 3.3 - Coefficients from quantile regression of cognitive load summary measure on insurance (ITT)

Notes on Figure 3.3:

1. Coefficients of quantile regressions of cognitive load summary measure on insurance (ITT), not
including fixed effects;
2. 90% confidence intervals, standard errors not clustered.

Another strategy to address potential heterogeneity is to estimate the effects of insurance on cognitive
load and focus for subsets of the sample that, in principle, should be more worried about future rainfall. We
do so by interacting the insurance intention-to-treat indicator with several proxies for higher worries, and
testing whether each interactions positively affect cognitive function. We consider five different proxies for
worries about rainfall. The first two are below-normal rainfall shocks and priming, which we have
previously shown to increase farmers’ worries. The other proxies are absence of irrigation, absence of
government insurance, and an indicator of whether the farmers lives in the most drought-prone region

within his/her municipality.
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Columns (1) through (5) in Tables 3.3 and 3.4 display, respectively, the results for cognitive load and
focus. Neither insurance nor its interaction with either proxy for higher worries about future rainfall have
positive and significant effects on cognitive function. If anything, in some instances, insurance significantly

decreases cognitive performance amongst the most worried, according to our proxies.

Table 3.3 — Heterogeneity in cognitive load: interaction of insurance with proxies for high worries

Cognitive load

(D 2) 3) Q)] &)
Below- Primed . Without Most
Without
Proxy: normal about I Government drought-
. Irrigation .
rainfall drought insurance prone
Insurance (ITT) x proxy 0.05 0.05 -0.04 -0.05 0.068*
[0.0564]  [0.0415] [0.0626] [0.0627] [0.041]
Insurance (ITT) -0.02 -0.02 0.05 0.01 -0.04
[0.0408]  [0.0293] [0.0565] [0.0273] [0.0298]
Proxy - 0.03 -0.02 -0.02 i
[0.0246] [0.0419] [0.0384]
Municipality-survey fixed-effects Yes Yes Yes Yes Yes
Observations 9,444 19,143 13,847 13,913 19,143
Number of clusters 1,238 2,214 1,197 1,486 2,214

Notes on Table 3.3:

1. All columns are effect sizes (%Zj'(n%), with Bj’s computed from Seemingly Unrelated

Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standardized
dependent variables (z-scores) for executive functions and anchoring; where 6;_ is the standard
deviation (at the individual level) in the control for each summary measure. See Appendix A for
the definition of each variable;

2. Outcomes are normalized such that positive values means worse cognitive performance (lower
attention, memory and impulse control, and higher sensitivity to anchoring);

3. Without irrigation equals 1 if farmer’s plot is not even partially irrigated, and 0 otherwise; Without
Government insurance equals 1 if the farmer is not covered by Garantia-Safra, and 0 otherwise;
Most drought-prone equals 1 if farmer’s plot is at the region most susceptible to droughts within
the municipality, according to the extension authority, and O otherwise; Below-normal rainfall
equals 1 if in the previous month farmer’s municipality faced a rainfall level ranked among the
30% worst months in the last 30 years, and 0 otherwise; Primed about droughts equals 1 if the
individual was experimentally primed, and 0 otherwise;

4. Bootstrapped standard errors in brackets, with 1,000 draws, clustered at the municipality level for
rainfall variables and at the individual level for priming and insurance;

5. ¥ p<0.01, ** p<0.05, * p<0.1;

Corr(cognitive load (May), harvest losses) = 0.100 s.d.;

7. Corr(cognitive load (June), payout eligibility) = —0.023 s.d..

o
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Table 3.4 — Heterogeneity in focus: interaction of insurance with proxies for high worries

Focus enhancement

) 2) 3) 4 &)
Below- Primed . Without Most
Without
Proxy: normal about S Government drought-
. Irrigation .
rainfall ~ drought insurance prone
Insurance (ITT) x proxy -0.113 -0.013 0.110 -0.014 -0.097*
[0.0821] [0.0567] [0.0825] [0.083] [0.058]
Insurance (ITT) 0.066 -0.009 -0.104 0.003 0.039
[0.0569] [0.0423] [0.0737] [0.0375] [0.0429]
Proxy ) 0.056* -0.101* 0.006 i
[0.0323] [0.0547] [0.0511]
Municipality-survey fixed-effects Yes Yes Yes Yes Yes
Observations 9,444 19,143 13,847 13,913 19,143
Number of clusters 1,238 2,214 1,197 1,486 2,214

Notes on Table 3.4:

&

All columns are effect sizes ( Zf 1 Aﬂ]), with ,3j’s computed from Seemingly Unrelated
Regressions (SUR) based on Ordinary Least Squares (OLS) regressions with standardized
dependent variables (z-scores) for tunneling and sensitivity to framing; where jS is the standard

deviation (at the individual level) in the control for each summary measure. See Appendix A for
the definition of each variable;

Outcomes are normalized such that positive values means enhanced focus (higher relative valuation
of scarce resources, and lower sensitivity to framing in decisions involving scarce resources);
Without irrigation equals 1 if farmer’s plot is not even partially irrigated, and 0 otherwise; Without
Government insurance equals 1 if the farmer is not covered by Garantia-Safra, and 0 otherwise;
Most drought-prone equals 1 if farmer’s plot is at the region most susceptible to droughts within
the municipality, according to the extension authority, and O otherwise; Below-normal rainfall
equals 1 if in the previous month farmer’s municipality faced a rainfall level ranked among the
30% worst months in the last 30 years, and 0 otherwise; Primed about droughts equals 1 if the
individual was experimentally primed, and 0 otherwise;

Bootstrapped standard errors in brackets, with 1,000 draws, clustered at the municipality level for
rainfall variables and at the individual level for priming and insurance;

*** p<0.01, ** p<0.05, * p<0.1;

Corr(focus (May), harvest losses) = 0.025 s.d.;

Corr(focus (June), payout eligibility) = — 0.013 s.d.
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Taking stock, there is no systematic evidence that the null effect of insurance on cognitive function

accrues to heterogeneity.

In terms of robustness checks, one might worry that controlling for baseline covariates might change the
effects of insurance on worries, cognitive load, or focus. Since covariates are balanced across treatment and
control groups insurance (ITT), controlling for covariates should only increase the precision of our
estimates. However, because we do not have information on baseline controls for all subjects, we end up
having lower precision due to somewhat smaller sample sizes. The Supplementary Appendix shows results,
first without controls but restricting the sample to the subset of individuals for which we have data on
baseline covariates, and then including those variables in the regressions. We find that estimates are not

affected by controlling for baseline covariates.

3.6 Why does insurance have no effects?

Why does insurance have no effects on cognitive function? It is not a matter of statistical power:
calculations indicate that we would be able to detect effects of insurance of similar magnitude to those of
the survey experiments. Most importantly, point estimates of its effects on worries are actually positive
(hence not a matter of precision), and its effect on cognitive load is a very precise zero. The null result is
also not due to heterogeneity: we do not find systematically different effects of insurance for subsets of
participants that should be more concerned with rainfall — those without irrigation, those otherwise
uninsured, those living in the most drought-prone region in each municipality, and those facing negative

rainfall shocks or randomly primed about droughts.

We speculate that this null result relates to the recent literature on the potential shortcomings of index
insurance, ranging from distrust to basis risk. To test the hypothesis about distrust in index insurance, we
compute municipality’s average trust level, based on individual performance in trust games in which
subjects decide how much money to send to the other player (Berg at al., 1995). In this game, player 1
decides how much out of R$200 to send to player 2 (50, 100, 150, or 200). The amount sent forward is
multiplied by 3. Player 2 then decides how much to send back: any integer up to 150 if player 1 sent 50;
any integer up to 300 if player 1 sent 100; any integer up to 450 if player 1 sent 150; and any integer up to
600 if player 1 sent 200 (see Appendix A). We define trust as the share of R$200 that subjects decide to

send forward when playing as player 1.

In computing municipal averages, we only consider subjects at the first wave (March), who do not have
insurance, and who were not primed at that survey, since we do not want this measure to be influenced by

our treatments nor by previous participation in the experiments.
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Table 3.5 presents the results for the effects of the interaction of insurance with municipal average trust.

We find that insurance decreases worries about rainfall within municipalities with higher levels of trust

(although the effect is not statistically significant). What is more, it improves cognitive function (significant

at the 10% level), and reduces focus on scarce resources (not statistically significant).

Table 3.5 — Interaction of insurance with average municipal trust

) ) 3)
. cognitive
worries focus
load

Insurance (ITT) x Trust -0.0961 -0.149* -0.139

[0.137] [0.0879] [0.104]
Insurance (ITT) 0.0195 -0.000544 -0.0457

[0.0414] [0.0261] [0.0286]
Municipality-region fixed-effects Yes Yes Yes
Observations 16,758 8,356 9,370
Number of clusters 1,902 1,950 1,917
R-squared 0.131 - -

Notes on Table 3.5:

1.

Se®ERaw

Columns (1) is an Ordinary Least Squares (OLS) regression. Columns (2) and (3) are effect sizes
(% Zle %’C), with B ;s computed from Seemingly Unrelated Regressions (SUR) based on Ordinary

Least Squares (OLS) regressions with standardized dependent variables (z-scores) for the
components of each outcome category; where 6;_is the standard deviation (at the individual level)
in the control for each summary measure. See Appendix B for the definition of each variable;
Outcomes are normalized such that positive values means worse cognitive performance (lower
attention, memory and impulse control, and higher sensitivity to anchoring) and enhanced focus
(higher relative valuation of scarce resources, and lower sensitivity to framing in decisions
involving scarce resources);

Trust is defined as the municipality average of the z-score of subjects’ transfer as player 1 or player
2 (respectively) of a conventional trust game (Berg et al., 1995), across all individuals in the first
wave (March), considering only subjects that were not offered insurance and that were not primed
at that survey;

Column (1) has robust standard errors in brackets, clustered at the individual level. Columns (2)
and (3) have bootstrapped standard errors in brackets, with 1,000 draws, clustered at the individual
level,

%k p<0.01, ** p<0.05, * p<0.1;

Corr(worries, irrigation) = —0.035;

Corr(cognitive load (May), harvest losses) = 0.100 s.d.;

Corr(cognitive load (June), payout eligibility) = —0.023 s.d.;

Corr(focus (May), harvest losses) = 0.025 s.d.;

0 Corr(focus (June), payout eligibility) = — 0.013 s.d.
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Although not always precisely estimated, results are consistent with the mental bandwidth mechanism.
Even if trust is not randomly assigned across municipalities, this finding is suggestive that the distrust on
payout could explain why insurance did not mitigate worries or cognitive load in this setting. In fact, the
results from quantile regressions for the effects of insurance could be interpreted as consistent with the trust
mechanism, as evidence from lab experiments suggests that individuals under high cognitive load might

also be more trusting.’?

Given that our product was advertised as an emergency top-up of a popular and well-established

government product with such high take-up, we consider this a striking result.

3.7 Relation to the literature

There has been active research on how to bring insurance take-up to higher levels in the developing world
(e.g.: Casaburi and Willis, 2015; Cole, Stein and Tobacman, 2014; Cole, Gine, Tobacman, Topalova,
Townsend and Vickery, 2013; Gaurav, Cole and Tobacman, 2011). There is now systematic evidence that
behavioral biases (in particular, accessibility biases and present bias) decrease the demand for insurance.
This paper provides evidence that there might be additional channels through which biases constrain higher
take-up: we have shown that rainfall risk decreases the relative demand for crop insurance relative to funeral

insurance, through worse cognitive function.

There is also recent work on the positive effects of insurance operating through the risk-aversion
mechanism. Karlan et al. (2014) document that risk constraints are first-order among poor farmers in
developing countries: once granted insurance, farmers find their way through credit constraints and
substantially increase investment. However, while investment substantially increases, profits do not. Given
this puzzling finding, we believe it is timely to think more broadly about the effects of insurance on
decision-making. The evidence in this paper that rainfall risk increases farmers’ cognitive load while index

insurance does not mitigate these effects might partly explain this puzzle.

Our findings about heterogeneous treatment effects of insurance with respect to trust are consistent with
a recent literature on the shortcomings of index insurance. There is increasing evidence that farmers do not
trust index insurance will pay out, even when they are eligible (Dercon, Gunning and Zeitlin, 2015; Karlan
et al., 2014). This problem is amplified by basis risk, as farmers worry about states in which they lose their
harvest due to idiosyncratic shocks and yet insurance does not pay out (Elabed and Carter, 2015; Clarke,

2011). While this literature has noticed that these shortcomings further contribute to the low demand for

52 Higher cognitive load leads to positive affect and non-strategic behavior; Schulz et al. (2014).
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index insurance, they may affect not only product take-up, but also its effectiveness, by failing to mitigate

worries about rainfall risk and their detrimental effects on farmers’ decision-making.

4 Discussion and concluding remarks

While we expected insurance to at least partly mitigate worries about rainfall and their effects on cognitive
function, we found no effects on either dimension. It seems that distrust in index insurance (which has been
the subject of active research) is also an important factor in this setting. In municipalities with higher
average levels of trust, insurance does reduce worries about rainfall (even if the effect is not precisely
estimated) and significantly alleviates cognitive load. Moreover, when information about payout eligibility
at last becomes public, it seems to drive cognitive load down (even though we do not have sufficient
statistical power to take advantage of the discontinuity design). Last, the fact that the most common reason
provided by those who did not accept the insurance offer was the fear of losing coverage from government
insurance is testimony to the generalized distrust in that product. Strikingly, that is the case even though
Garantia-Safra has been around since 2002, and despite the fact that it has paid out for at least 1/3 of the

State every year, and for as many as 2/3 of its municipalities only two years before our experiments.

At the same time, we do acknowledge that given the long distances and high transportation costs in the
developing world, there is yet no feasible alternative to index insurance for protecting poor farmers from
rainfall risk. Nevertheless, this paper suggests that the limited credibility of index insurance limits not only
higher take-up, but also the potentially positive psychological benefits of insurance among those who take

it up.

One conjecture is that insurance policies that pay out more frequently might help with both dimensions.
More frequent payouts might not only increase take-up by making its benefits more salient to farmers
(Karlan et al, 2014), but might also decrease worries and cognitive load, since there is evidence that
payments increase cognitive function (Mani et al, 2013). What features of insurance design matter — the
choice of the index, the structure of payouts, the provision of complementary information which might

reduce anxiety about future rainfall variation — are interesting questions to be explored in future research.
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Appendix 1.A — Classification lists

Table 1.A1 — List of irregularities

Panel A: Corruption

Category Irregularity

Procurement Irregular receipts

Procurement Evidence for ghost firms
Procurement Contracts not signed or falsified signatures
Procurement Favored vendor

Procurement Lack of publicity

Procurement Documents set with different dates
Procurement Other procurement problems
Procurement Irregular class

Procurement No realization

Resource diversion Overinvoicing

Resource diversion Off-the-record payments

Panel B: Mismanagement

Category Irregularity

Resource diversion Unconfirmed payments

Resource diversion Diversion of resources for other goals

Resource diversion Diversion of resources for other goals within Health
Resource diversion Diversion of resources for other goals within Program
Resource diversion Under-application of resources

Health council Irregular Composition

Health council Irregular Operation

Health council Poor infrastructure and work conditions
Performance Unaccomplished goals

Performance Unfinished projects

Performance Poorly evaluated services to health system users
Supplies and facilities Precarious facilities

Supplies and facilities Signs and logos not properly set

Supplies and facilities Lack of medical supplies

Supplies and facilities Stock control of medication

Supplies and facilities Maintenance of medication

Human Resources Professionals that don't fulfill work time requirements
Human Resources Staff training

Human Resources Staff composition

Human Resources Public servants' payments

Documentation/Accounting Incomplete documentation or inadequate account keeping
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Table 1.A2 — Procurement-intensity by program

% of action

Health coded as
Ministry Code Health Program procurement-
related
0119 Sanitation (Saneamento basico) 100.00
0004 Quality and efficiency of the Unified Health System (Qualidade 5417
e eficiéncia do SUS) '
0005 Pharmaceutical Assistance (Assisténcia Farmacéutica) 50.00

Epidemiological and environmental surveillance in Health (Vigi-

0013 lancia epidemiologica e ambiental em Satide) 50.00
Prevention and control of vector-transmitted diseases (Prevenc¢do

0002 o 38.46
e controle de doencas transmitidas por vetores)

1214 Basic Attention in Health (Atengdo basica em Saude) 4.55

0001 Family Health (Saude da familia) 0.00
Admission, emergency and hospital services (Atendimento ambu-

0023 . . . 0.00
latorial, emergencial e hospitalar)

1335 Conditional Cash Transfer (Transferéncia de renda com condi- 0.00

cionalidades)

Table 1.A3 — List of procurement-related words

- “Insumos” (Inputs)

- “Implantac¢ao” (Adoption of)

- “Modernizagao” (Modernization of)
- “Adequacao” (Tailoring of)

- “Aparelhamento” (Related to equipment/infrastructure)
- “Ampliagao” (Enlargement)

- “Manuten¢ao” (Maintenance)

- “Construgao” (Construction)

- “Produc¢ao” (Production)

- “Aquisi¢ao” (Acquisition)

- “Estruturacao” (Structuring)

Notes to Table 1.A3:

1. The procurement-related words listed are used to classify each action under each health transfer as
procurement-related or not, based on the description of each action in Health Ministry’s Funcional
Programatica,

2. The classification of all actions under the transfers we analyze in this paper is presented in the
Supplementary Appendix.
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Table 1.A4 — Health Ministry’s M&E indicators by transfer

Health

Ministry Code

Health Program

Outputs/
Outcomes

0119

0004

0005

0013

0002

1214

0001

0023

1335

Sanitation

Quality and efficiency of the Unified Health System
Pharmaceutical Assistance

Epidemiological and environmental surveillance in Health

Prevention and control of vector-transmitted diseases

Basic Attention in Health

Family Health

Admission, emergency and hospital services

Conditional Cash Transfer

(i) Household share connected
to the water network;

(i) Household share connected
to the sewage network.

(1) Hospital beds per thousand
inhabitants [imputed].

(1) Distribution of specific med-
ication [unavailable].

(1) Immunization shots per thou-
sand inhabitants [imputed].

(i) Immunization against Hep-
atitis B [unavailable];,

(i1) Incidence of HIV, tubercu-
losis, and leprosy [unavaila-
ble];

(ii1) Population share covered by
dental health teams [unavai-
lable];

(iv) Population share covered by
family health teams.

(i) Population share covered by
family health teams.

(i) Medical consultations per
thousand inhabitants;

(i1) Hospital —admissions per
thousand inhabitants;

(iii) Transplantations per thou-
sand inhabitants [unavaila-
ble].

Notes to Table 1.A4:

1.

2.

Source of non-imputted indicators: Health Ministry M&E Indicators (Caderno de Avaliagdo
Setorial - Ministério da Saude - Plano Plurianual 2008-2011 - Ano base 2011 - Exercicio 2012);
In the case of the two programs for which the Health Ministry does not list M&E indicators, we
impute outputs/outcomes based on the description of all actions under each transfer in Health
Ministry’s Funcional Programatica. Quality and efficiency of the Unified Health System includes
action 0004.1823 (“aparelhamento de unidades de satide do SUS”, equipment/infrastructure for
public health units), which we proxy with hospital beds per thousand inhabitants;
Epidemiological and environmental surveillance in Health includes action 0013.3994
(“modernizacdo do Sistema Nacional de Vigilancia em Saude — VIGISUS®®, modernization of the
national health surveillance system), which we proxy with immunization;

Unavailable indicators have no annual municipal-level data available in DATASUS.

33 http://www.worldbank.org/projects/P043874/disease-surveillance-control-project-vigisus?lang=en
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Appendix 1.B — More details about the Brazilian anti-corruption program

Created in February 2001, CGU is in charge of oversight and fraud detection in every issue related to federal
public funds, and it is also responsible for developing mechanisms to prevent corruption. The Brazilian
anti-corruption program is a federal government’s initiative to inhibit corruption across all levels of the
public administration.>* Ferraz and Finan (2008) perform a thorough analysis of the actual randomness of

the program.

The anti-corruption program began with a sample of five municipalities in the first draw. The second
draw included 25 municipalities. From the third to the twelfth draws, 50 municipalities were audited, and
from the thirteenth on, 60 municipalities are now drawn. The distribution of draws over time and the number
of municipalities drawn in each lottery are presented on the CGU website. Although states have also been
audited under the program from 2004 on, the focus of the program is on municipalities. The program
currently audits municipalities up to 500,000 inhabitants. Maximum population thresholds have increased
over time: from 100,000 to 250,000 inhabitants at the third draw; to 300,000 inhabitants between the fourth
to the eighth; and, finally, to 500,000 inhabitants for the ninth draw and after. Some draws also had a
minimum population threshold of 10,000 inhabitants. The sampling procedure was designed so that the
drawn samples are geographically representative, and selection probabilities currently approximate 1% for
each of the 5,526 municipalities (which represent over 99% of Brazilian municipalities or about 70% of the

country's population) which currently lie within the maximum population eligibility thresholds.

The program investigates earmarked transfers linked to national health and education policies
(constitutionally mandated transfers), direct transfers to citizens, and politically negotiated (voluntary)
transfers. Once a municipality has been randomly drawn, a service order is issued by CGU, indicating the
set of transfers to be audited in each municipality. According to CGU officials interviewed by the authors,
service orders encompass every transfer currently at a “critical stage in its life-cycle”: (i) disbursement, (ii)
procurement, or (iii) approval of previous records by municipal councils. Once service orders have been

issued, a team of auditors visits the municipality to investigate irregularities.

For both education and health, all federal transfers are subject to auditing in every municipality drawn,
discarding selection concerns with respect to the issuance of service orders. Auditors are then entitled to
inspect the complete paper trail of the audited transfers, from the National Treasury's account to its current

stage under the municipality's discretion, whether in previous years or under a previous political ruling.

>4 For a full description, see
http://www.cgu.gov.br/AreaAuditoriaFiscalizacao/ExecucaoProgramasGoverno/Sorteios/index.asp.
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Once the audit is complete, CGU officials describe all irregularities detected for each transfer (if any) in

official reports.>®

Irregularities documented by auditors are followed-up by the public entities responsible for
implementing sanctions, including the Prosecutor's Office, the Brazilian Court of Audits ("Tribunal de

Contas da Unido", TCU), the Federal Police, and municipal legislative houses.

55 Mayors can challenge the conclusions of such reports; when the CGU takes such claims into consideration, a CGU
team comes back to the municipality to reassess prior analysis until a final report can be issued.
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Appendix 1.C — Examples from audit reports

Examples of pre-program findings (1997-2002)

COMPLIANCE

When evaluating the implementation of a public program for treatment of Hansen's disease (leprosy)
in 2001-02 in Alvaraes, State of Amazonas, auditors found no evidence of irregularity. The local health
unit, maintained by the Unified Health System (SUS), operates in compliance with legislation, keeping
patients’ records and providing vaccination, counseling, and staff training. We code this finding as a case

of compliance (in the biennium 2001/2002). The municipality was drawn by lottery 2.
MISMANAGEMENT

When evaluating the municipal inventory of medical supplies in 2002, auditors found no formal
controls to be in place concerning stock inflows or outflows. As a consequence, there was no way to
determine either the quantity of stocked medication or the quantity delivered to each local health unit. We
code this irregularity as mismanagement related to medication stock control. This irregularity occurred in

2002, in Amajari, State of Roraima, municipality drawn by lottery 2.
CORRUPTION

When evaluating the procurement process to purchase two mobile health units (modified vehicles that
operate as small health units), in 2002 by the municipal government of Dourados, auditors found evidence
of fraud. The only public outbidder, Santa Maria Comércio e Representagoes Ltda., does not legally exist
according to the local branch of the Federal Revenue Secretariat in Cuiabad, State of Mato Grosso do Sul.
Despite this fact, the municipal government has concluded the public bid and paid the company the agreed-
upon amount. Unfortunately, auditors could not find further evidence of what may have encouraged the
fraud. We code this irregularity as an evidence of ghost firm, a clear indication of corruption. This

irregularity occurred in 2002, in Dourados, Mato Grosso do Sul, drawn by lottery 4.

Examples of post-program findings (2003-2007)

COMPLIANCE

When evaluating the process of purchasing, stocking, and supplying medical supplies to local health
units, auditors found no evidence of irregularity related to the municipal government in Teresina de Goidas,

Goids. The only such case was due to a delay caused by the state government, which failed to transfer
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resources in due time. We code this finding as a case of compliance (by the municipal government, in 2007).

The municipality was drawn in the 23rd round.
MISMANAGEMENT

When evaluating the medication accessibility to citizens of Londrina in 20006, auditors found out that
several prescribed drugs in local health units were out of stock. Evidence was provided by interviews with
patients and local employees (nurses), who reported lack of, for example, Clorana, Dipirona, Enalapril,
Captopril, Cloritisona, Nifedipina, and Istamin. We code this irregularity as lack of medical supplies, an

evidence of mismanagement. This irregularity occurred in 2006, in Londrina, Parana, drawn by lottery 21.
CORRUPTION

When analyzing a procurement process to purchase medical supplies in 2004, auditors found that the
municipal government of Poloni had paid higher prices for medication than the one agreed upon the public-
bid contract. For example, according to receipt number 115655 (Procurement number 2004/01696), the
correct price of 150 mg of the medication Ranitidine was R$ 0.18 per tablet, but the municipality paid R$
0.28 per tablet. No further documentation was presented by the municipal government, and the outbidder
Empresa Soquimica Laboratorios Ltda., embezzled the resources. We code this irregularity as
overinvoicing, an evidence of corruption. This irregularity occurred in 2004, in Poloni, Sao Paulo, drawn

by lottery 17.
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Appendix 2.A — Definition of dependent variables
WORRIES

“How much did you and your family worry last week about how much it will rain in the next month? If

not at all, press 0, if a little, press 1, if a lot, press 2”

COGNITIVE LOAD

- Executive Functions

Digit span:

“Please type the sequence of numbers as you hearit. 48205/52917/03648/91921”

Stroop:

“How many times is number ‘9’ repeated in the following? 9999/66666/000/5555”

- Anchoring:
Price of beans:

“Last year’s average price per kg of a live goat was R$ 4 in Ceara. Which of the following price bands best
characterizes what the selling prices of beans in May will be in your municipality? If between 3 and 3.40
reais, press 1; if between 3.40 and 3.80, press 2; if between 3.80 and 4.20, press 3; or, if above 4.20 reais,

press 4”

Price of subway ticket:

“Last year’s average price per kg of a live goat was R$ 4 in Ceara. Which of the following price bands best
characterizes what the price of a subway ticket in Sdo Paulo is? If between 3 and 3.40 reais, press 1; if

between 3.40 and 3.80, press 2; if between 3.80 and 4.20, press 3; or, if above 4.20 reais, press 4”
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FOCUS
- Tunneling:

Word search (water):

“If you hear WATER or HUSBAND among the following scrambled words, please press 1 at the end of
each set; otherwise press 0: ALCOOL ; ALTO ; AGUA ; ARCO / PAI ; FILHO ; ESPOSA ; IRMAO /
LAGO ; NUVEM ; CHUVA ; SECA / QUERIDO ; PALITO ; MARIDO ; FERIDO”

Word search (water) = score[water] — score[neutral]

Word search (money):

“If you hear MONEY or BROTHER among the following scrambled words, please press 1 at the end of
each set; otherwise press 0: CHIQUEIRO ; DINHEIRO ; MARINHEIRO ; PINHEIRO / IRLANDA ;
SERMAO ; LIMAO ; SALMAO / CHEQUE ; CARTAO ; BANCO ; DIVIDA / MARIDO ; PRIMO ;
IRMAO ; ESPOSA”

Word search (money) = score[money] — score[neutral |

Trade-off oranges vs. cashews:

“How many oranges would you offer to trade in 2 kg of cashews? If less than 1 liter, press 1, if between 1
and 4 liters, press 2, if between 4 and 7 liters, press 3, if between 7 and 10 liters, press 4, or if more than 10

liters, press 5.”

Trade-off money vs. cashews:

“How much money would you offer to trade in 2 kg of cashews? If less than 2 reais, press 1; if between 2
and 5 reais, press 2; if between 5 and 8 reais, press 3; if between 8 and 11 reais, press 4; or, if more than 11

reais, press 5.”

Tunneling (money) = [Trade-off oranges vs. cashews] — [Trade-off money vs. cashews]
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Trade-off water vs. cashews:

“How many liters of water would you offer to trade in 2 kg of cashews? If less than 1 liter, press 1; if
between 1 and 4 liters, press 2; if between 4 and 7 liters, press 3; if between 7 and 10 liters, press 4; or, if

more than 10 liters, press 5.”

Tunneling (water) = [Trade-off oranges vs. cashews] — [Trade-off water vs. cashews]

- Framing:

Trade-off money vs. time — low value:

“Consider the following scenario: Let’s imagine you walk into a store to buy batteries which costs R$ 10.
The seller tells you there is a store 40 minutes away which sells the same batteries for R$ 5. If you would
buy them for R$ 10 anyway, press 1; if you would rather go to the other store to buy them for RS 5, press
2’ﬂ

Trade-off money vs. time — high value:

“Consider the following scenario: Let’s imagine you walk into a store to buy an iron which costs R$90.
The seller tells you there is a store 40 minutes away which sells the same iron for R$40. If you would buy

it for R$90 anyway, press 1; if you would rather go to the other store to buy it, press 2”

Sensitivity to framing (money): money[high] vs. money[low], for the subset of individuals either

primed in all calls, or not primed in any calls involving these outcomes.

Trade-off water vs. time — low amount:

“Consider the following scenario: Let’s imagine you walk downtown to get 1 gallon of water from a water
truck. A neighbor tells you there is another municipality, which takes 30 extra minutes to reach (and 30
extra to come back), where you could get 2 gallons of water from a water truck. If you would get water in

your own town, press 1; if you would get water from the other municipality, press 2.”

Trade-off water vs. time — high amount:

“Consider the following scenario: Let’s imagine you walk downtown to get 5 gallon of water from a water
truck. A neighbor tells you there is another municipality, which tales 30 extra minutes to reach (and 30
extra to come back), where you could get 6 gallons of water from a water truck. If you would get water in

your own town, press 1; if you would get water from the other municipality, press 2.”
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Sensitivity to framing (water): water[high] vs. water[low], for the subset of individuals either

primed in all calls, or not primed in any calls involving these outcomes.

RELATIVE DEMAND

Credit related to production (waves 1 and 3):

“If you would like to listen to information about credit for irrigation, press 1; otherwise, press 0”

If subject presses 1: “Pronaf Mais Alimentos finances equipment for irrigation with discount up to
15% of its market price. Irrigation systems financed by the program are: surface irrigation,
overhead irrigation, micro-aspersion, and drip irrigation. To the find out which irrigation system
best suits your needs, reach out to EMATERCE to prepare the irrigation technical project including:

technical specification, layout, and list of materials.”

Credit unrelated to consumption (waves 1 and 3):

“If you would like to listen to information about credit for consumption, press 1; otherwise, press 0”

If subject presses 1: “If there are any retirees in your household, that person can file for payroll
lending at any bank or financial institution. Payroll lending is a type of loan in which installments
are automatically deducted from the retirement payroll, as long as the retiree authorizes. Reach out
to your bank or financial institution. If that does not work, you can directly contact Central do INSS
by calling 135, by contacting Procon of Ceara, or through the National Consumer Secretariat’s

website, www.consumidor.gov.br.”

Relative demand for production-related credit: credit[production] — credit[consumption], for the

subset of individuals either primed in all calls, or not primed in any calls involving these outcomes.

Insurance related to production (waves 2 and 4):

“If you would like to listen to information about insurance for crop disease, press 1; otherwise, press 0’

If subject presses 1: “Proagro Mais is a government insurance tailored to small farmers associated
with Pronaf, covering their investment and working capital operations, either financed with
external credit or out-of-pocket. Reach out to the nearest branch of Banco do Brasil for more

information or to enroll in this insurance.”
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Insurance unrelated to production (waves 2 and 4):

“If you would like to listen to information about funeral insurance, press 1; otherwise, press 0”

If subject presses 1: “Ceard’s electric utility, Coelce, offers the Family Funeral Insurance, which
includes life insurance in case of death of the primary account holder, food support, electricity bill
support, weekly lottery tickets and funeral assistance for all members of the household. For more

information, call 0800 707 44 90 or reach out to Coelce’s customer service.”

Relative demand for production-related insurance: insurance[production] — insuran-

ce[consumption], for the subset of individuals either primed in all calls, or not primed in any calls

involving these outcomes.

TRUST
Trust:

“You and your neighbor are invited to play a game. You receive R$ 200 and can transfer to him either RS
50, R$ 100, R$ 150, or R$ 200. Whatever you transfer to him is multiplied by 3, and then he can decide
how much to give back and how much to keep. How much do you transfer him? If R$ 50, press 1; if R$
100, press 2; if R$ 150, press 3; or, if R$ 200, press 4.”

Trustworthiness / Reciprocity:

“You and your neighbor are invited to play a game. He receives R$ 200 and can transfer to you either R$
50, R$ 100, R$ 150, or R$ 200. Whatever he transferred to you is multiplied by 3, and then you can decide
how much to give back and how much to keep. If you receive R$ 150, how much do you send back? / If
you receive R$ 300, how much do you send back? / If you receive R$ 450, how much do you send back? /

If you receive R$ 600, how much do you send back?”

TIME INCONSISTENCY

Patience (money, week):

“Imagine that someone in your family sends you some amount of money regularly. He/she calls you today
and says that he/she can send you R$ 100 today or if you can wait for a week they can send you R$ 150. If
you want R$ 100 to be sent today, press 1; if you want R$ 150 to be sent in a week, press 2”
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Patience (imoney, month):

“Imagine that someone in your family sends you some amount of money regularly. He/she calls you today
and says that he/she can send you R$ 100 in 1 month or, if you can wait 1 month and 1 week, they can send
you R$ 150. If you want R$ 100 to be sent in a month, press 1; if you want R$ 150 to be sent in a month

and a week, press 2”

Time-inconsistency (money): patience[money,week] vs. patience[money,month], for the subset of

individuals either primed in all calls, or not primed in any calls involving these outcomes.

Patience (water, week):

“Suppose that you get a call on February from an irrigation company that is trying to promote their services
offering to irrigate % of your plot for free this week. Alternatively, if you wait 1 week, then they could
irrigate 2 your plot. If you want % of your plot irrigated now, press 1; if you want %2 your plot irrigated in

a week, press 2”

Patience (water, month):

“Suppose that you get a call on February from an irrigation company that is trying to promote their services
offering to irrigate %4 of your plot for free in a month. Alternatively, if you wait 1 month and 1 week, then
they could irrigate 72 your plot. If you want % of your plot irrigated in a month, press 1; if you want %2 your

plot irrigated in a month and a week, press 2”

Time-inconsistency (water): patience[water,week]| vs. patience[water,month], for the subset of

individuals either primed in all calls, or not primed in any calls involving these outcomes.
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OTHER OUTCOMES (Not shown)

- Credibility:

“If you are enrolled in other rainfall insurance, different from Garantia-Safra, press 1; otherwise, press 0.”
- Production decisions:

Weeding:

“If you have undertaken weeding last week, press 1; otherwise, press 0”

Water re-usage:

“If you have re-used shower water or water from other sources for irrigating your plot last week, press 1;

otherwise, press 0”
- Locus of control

“For each of the following questions, press 1 if you strongly disagree, press 2 if you disagree a little, press
3 if you agree a little, or press 4 if you strongly agree. ‘It’s not always wise for me to plan too far ahead,
because many things turn out to be a matter of good or bad fortune.” / “When I get what I want, it’s usually

because [ worked hard for it.” / “My life is determined by my own actions.’”
- Aspirations

Children can succeed:

“If you think a child of yours could succeed outside of farmer’s life, press 1; otherwise, press 0.”

Educational investment:

“If you would you sell a cow to pay for your child to go to Fortaleza to take university’s admission exam,

press 1; otherwise, press 0.”
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Appendix 2.B — Priming: treatment and control messages
- Call #1:

Treatment: “Please tell us after the BIP what you would do in case your municipality is faced with a drought

this year.”

Control: “Please tell us after the BIP what you would do in case the next prime-time soap opera is not

good.”

- Call #2:

Treatment: “Please tell us to what extent you think your income this year will be determined by rainfall.”
Control: “Please tell us to what extent you think your sleep time will be determined by what is on TV.”

- Call #3:

Treatment: “Please tell us to what extent you have been following the rainfall forecast this year and tell us

LR

why

Control: “Please tell us to what extent you have been following the prime-time soap opera this year and tell

us why.”
- Call #4:

Treatment: “Please tell us what do you think determines whether the rainy season in your municipality will

be good.”

Control: “Please tell us what do you think determines whether the next prime-time soap opera in your

municipality will be good.”

- Call #5:

Treatment: “Please tell us to what extent rainfall matters for farmers in Ceara.”

Control: “Please tell us to what extent soap operas matter for farmers in Ceara.”

- Call #6:

Treatment: “Please tell us what you think the impacts of a drought are on family farmers.”

Control: “Please tell us what you think the impacts of soap operas are on viewers.”
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Appendix 2.C — Balance and attrition tests

Table 2.C1 — Selective attrition tests

0] () 3)
complete complete complete
call call call
Below-normal rainfall 0.004
[0.0065]
Negative rainfall shocks 0.005
[0.0068]
Priming 0.006
[0.00678]
Municipality fixed-effects Yes Yes No
Survey fixed-effects Yes Yes No
Municipality-survey fixed-effects No No Yes
Observations 14,711 14,711 22,687
Number of clusters 31 31 2,682
R-squared 0.087 0.087 0.153

Notes on Table 2.C1:

1. All columns are Ordinary Least Squares (OLS) regressions, with an indicator variable as dependent
variable, equal to 1 if the survey (call) was completed by the subject, and 0 otherwise;

2. Columns (1) to (3) are Ordinary Least Squares (OLS) regressions;

3. Robust standard errors in brackets, clustered at the municipality level for rainfall variables and at
the individual level for priming and insurance;

4. For rainfall variables, due to the low number of clusters, p-values computed using t-statistics with
G — 2 degrees of freedom, where G is the number of clusters (Angrist and Pischke, 2008);

5. ¥ p<0.01, ** p<0.05, * p<0.1.
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Table 2.C2 — Number and percentage of subjects per number of surveys completed

No. of Subjects %
Surveys
1 300 10.6
2 268 9.5
3 225 8.0
4 188 6.7
5 150 5.3
6 167 5.9
7 131 4.6
8 113 4.0
9 115 4.1
10 101 3.6
11 100 3.5
12 105 3.7
13 88 3.1
14 87 3.1
15 93 33
16 82 2.9
17 83 2.9
18 65 2.3
19 57 2.0
20 55 1.9
21 52 1.8
22 48 1.7
23 80 2.8
24 69 2.4
Notes on Table 2.C2:

1. Distribution of the number of surveys (calls) completed by the 2,822 subjects reached by at least
one call.
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Table 2.C3 — Marginal effects of baseline characteristics on the probability of completing a call

Marginal effect

Variable on probability of

completing a call
Respondent lives in municipality’s most drought-prone region 0.02%**
Respondent is male -0.01
Respondent’s age -0.00**
Respondent believes that rainy season will be good if it rains on March 19th 0.02
Respondent’s plot is at least partly irrigated -0.05%**
Respondent owns their property -0.01
Respondent seeds cassava 0.00
Number of rooms in respondent’s household 0.00
Respondent’s average household income -0.01
Respondent’s schooling 0.02**
Respondent’s household is a beneficiary of Bolsa-Familia 0.02
Respondent enrolled in Government insurance (Garantia Safra) -0.02*

Notes on Table 2.C3:

1. Allrows are coefficients from Ordinary Least Squares (OLS) regressions, with an indicator variable
as dependent variable, equal to 1 if the survey (call) was completed by the subject, and 0 otherwise,
and with municipality-survey fixed effects;

2. The sample includes all individuals for which there is information on baseline characteristics;

P-values computed from robust standard errors, clustered at the individual level,

4. **p<0.01, ** p<0.05, * p<0.1.

W
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Table 2.C4 — Balance tests: Below-normal rainfall shocks

Difference
[1-0]
(municipality
fixed-effects)

Below-normal =0  Below-normal =1

Most drought-prone 0.535 0.541 0.002
[0.0256] [0.0314] [0.0117]
Male 0.323 0.349 0.0273**
[0.0222] [0.0182] [0.0133]
Age 35.070 34.540 -0.040
[0.785] [0.759] [0.493]
Believes in RoT 0.677 0.638 -0.004
[0.0175] [0.0181] [0.0119]
Irrigation 0.144 0.131 -0.001
[0.0131] [0.0142] [0.00932]
Owns property 0.302 0.316 0.014
[0.0213] [0.0180] [0.0144]
Plot size 1.235 1.349 0.022
[0.230] [0.313] [0.223]
Cassava 0.224 0.211 0.000
[0.0353] [0.0334] [0.0129]
Number of rooms 5.171 5.159 0.016
[0.0871] [0.0872] [0.0340]
Household income 1.647 1.663 0.019
[0.0413] [0.0411] [0.0237]
Schooling 2.146 2.132 0.000
[0.0297] [0.0311] [0.0222]
Bolsa-Familia 0.780 0.773 0.003
[0.0180] [0.0163] [0.0171]
Government insurance 0.814 0.799 -0.008
[0.0249] [0.0241] [0.0138]
Notes on Table 2.D4:

1. Columns (1) and (2) present the averages for each variable collected at baseline (February) for the
control group and for the treatment group, respectively;

2. Column (3) presents the unconditional difference between the treatment and control groups for
each variable collected at baseline, and column (4) presents the within municipality difference
between the treatment and control groups for each variable collected at baseline;

3. Weighted averages and p-values computed from the sample of all individuals with information for
baseline characteristics, and treatment assignment across all 24 surveys.
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Table 2.C5 — Balance tests: Priming

Difference
Priming =0 Priming = 1 1-0]
(municipality-survey
fixed-effects)
Most drought-prone 0.542 0.537
[0.0125] [0.0125] )
Male 0.338 0.338 0.00195
[0.0139] [0.0139] [0.0109]
Age 35.54 35.18 -0.366
[0.622] [0.608] [0.424]
Believes in RoT 0.659 0.670 0.00531
[0.0143] [0.0140] [0.0114]
Irrigation 0.138 0.134 -0.00333
[0.0115] [0.0112] [0.00718]
Owns property 0.318 0.316 0.00221
[0.0165] [0.0168] [0.0139]
Plot size 7.142 6.583 -0.148
[1.193] [0.944] [0.409]
Cassava 0.208 0.216 0.00791
[0.0139] [0.0144] [0.00754]
Number of rooms 5.200 5.122 -0.0797**
[0.0545] [0.0551] [0.0332]
Household income 1.657 1.651 0.000677
[0.0262] [0.0261] [0.0153]
Schooling 2.158 2.127 -0.0294*
[0.0292] [0.0296] [0.0177]
Bolsa-Familia 0.769 0.782 0.012
[0.0153] [0.0150] [0.00914]
Government insurance 0.795 0.789 -0.00749
[0.0110] [0.0113] [0.00796]

Notes on Table 2.D5:

1. Columns (1) and (2) present the averages for each variable collected at baseline (February) for the
control group and for the treatment group, respectively;

2. Column (3) presents the unconditional difference between the treatment and control groups for
each variable collected at baseline, and column (4) presents the within municipality-survey
difference between the treatment and control groups for each variable collected at baseline;

3. Averages and p-values computed from the sample of all individuals with information for baseline
characteristics, and treatment assignment across all 24 surveys.
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Appendix 3.A — Insurance: call center script
- Script call #1:

Good morning, I need to speak with the farmer responsible for the household. A foundation is testing a new
insurance product called Sao José, an emergency rainfall insurance similar to Garantia-Safra. This insurance
has no costs to the farmer, and pays out to enrolled farmers R$ 170 by the end of June in case harvest losses
are 70% or higher at his/her municipality, according to EMATERCE. There are no costs because it is being
piloted this year, only in Ceard’s communities most severely affected by droughts. Your farmer’s ID was
drawn, from EMATERCE’s dataset, to receive this insurance free of charge. I would like to know if you
are interested. I will contact you again within a week. Until then, feel free to think about it and discuss it

with your family. Do you have any questions?
FAQ
- Won’t I have any costs? Not even in case I am eligible for the payout?

The insurance has no cost to the producer — neither at the time of consent, nor at the time of payout —

because it is being piloted in 2015.

- Which foundation?

This insurance product is being piloted by the Bill and Melinda Gates Foundation.
- Can I consent now?

I will register your interest, but the foundation requests me to contact you again within a week to make

sure you have enough time to think and discuss it with your family.

- What do I have to do to consent?

You just have to confirm your interest when I return this call within a week.

- Do I need to be homologated or enrolled in Garantia-Safra to participate?
No.

- What do I have to do to receive the payout?

In case you consent and are eligible to receive the payout by the end of June, you will receive another
call at this same phone number asking for complementary information so that the foundation can
transfer you the payout through vale-postal [a transfer which does not require a checking or savings

account], which can be withdrawn at any post office agency.
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- I'want to know more about the payout.

In case harvest losses are 70% or higher at your municipality, according to EMATERCE, and in case
you have consented to participate, you will receive a single installment of R$ 170 until the end of June.
You will receive another call at this same phone number asking for complementary information so that
the foundation can transfer you the payout through vale-postal [a transfer which does not require a

checking or savings account], which can be withdrawn at any post office agency.
- How I am told that I am eligible for receiving the payout?

The foundation will communicate with you over SMS, and you will receive another call at this same
phone number asking for complementary information so that the Foundation can transfer you the

resources
- How did you have access to my information (phone number, DAP)?

The foundation has a partnership with the State Secretary of Rural Development, EMATERCE and
FUNCEME.

Do you have interest: yes or no? In any case I will contact you again within a week. Thank you for your

time and talk to you then.
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- Script call #2:

Good morning, I need to speak with the farmer responsible for the household. I am following-up on last

week’s call about Seguro Sdo José. Do you remember our conversation?

If yes: Do you consent to enrolling in the insurance free of charge? Yes or no?

o If yes: You will receive a text message at this same phone number confirming your
enrollment and with contact information in case you have any questions. Thank you for

your time.

o Ifno: Thank you for your time.

If no: As I explained last week, A foundation is testing a new insurance product called Sdo José,
an emergency rainfall insurance similar to Garantia-Safra. This insurance has no costs to the farmer,
and pays out to enrolled farmers R$ 170 by the end of June in case harvest losses are 70% or higher
at his/her municipality, according to EMATERCE. There are no costs because it is being piloted
this year, only in Ceard’s communities most severely affected by droughts. Your farmer’s ID was
drawn, from EMATERCE’s dataset, to receive this insurance free of charge. I would like to know
if you are interested. I will contact you again within a week. Until then, feel free to think about it
and discuss it with your family. Do you consent to enrolling on the insurance free of charge? Yes

or no?
o If yes: You will receive a text message at this same phone number confirming your
enrollment and with contact information in case you have any questions. Thank you for

your time.

o Ifno: Thank you for your time.

141



Appendix 3.B — Balance and attrition

Table 3.B1 — Selective attrition tests

(1
complete
call
Insurance (ITT) 0.013
[0.0100]
Municipality fixed-effects No
Survey fixed-effects No
Municipality-survey fixed-effects Yes
Observations 22,687
Number of clusters 2,682
R-squared 0.153

Notes on Table 3.B1:

1.

All columns are Ordinary Least Squares (OLS) regressions, with an indicator variable as dependent
variable, equal to 1 if the survey (call) was completed by the subject, and 0 otherwise;

Robust standard errors in brackets, clustered at the municipality level for rainfall variables and at
the individual level for priming and insurance;

For rainfall variables, due to the low number of clusters, p-values computed using t-statistics with
G — 2 degrees of freedom, where G is the number of clusters (Angrist and Pischke, 2008);

**% p<0.01, ** p<0.05, * p<0.1.
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Table 3.B2 — Balance tests: Insurance
Difference
ITT=0 ITT=1 [1. _.0] .
(municipality
fixed-effects)
Most drought-prone 0.520 0.505
[0.00935] [0.0146] )
Male 0.371 0.332 -0.0332
[0.0134] [0.0191] [0.0240]
Age 34.06 33.83 -0.448
[0.596] [0.912] [1.187]
Believes in RoT 0.673 0.619 -0.0479%*
[0.0133] [0.0202] [0.0252]
Irrigation 0.150 0.156 0.0175
[0.0121] [0.0179] [0.0226]
Owns property 0.319 0.313 0.00991
[0.0161] [0.0232] [0.0296]
Plot size 1.434 1.363 -0.185
[0.307] [0.323] [0.522]
Cassava 0.214 0.213 -0.0138
[0.0144] [0.0207] [0.0250]
Number of rooms 5.156 5.139 -0.0278
[0.0566] [0.0794] [0.0990]
Household income 1.693 1.644 -0.0648
[0.0281] [0.0394] [0.0520]
Schooling 2.195 2.148 -0.051
[0.0301] [0.0413] [0.0548]
Bolsa-Familia 0.776 0.782 0.00434
[0.0153] [0.0219] [0.0284]
Government insurance 0.792 0.781 -0.00717
[0.0150] [0.0221] [0.0269]

Notes on Table 3.B2:

1. Columns (1) and (2) present the averages for each variable collected at baseline (February) for the
control group and for the treatment group, respectively;

2. Column (3) presents the unconditional difference between the treatment and control groups for
each variable collected at baseline, and column (4) presents the within municipality-survey
difference between the treatment and control groups for each variable collected at baseline;

3. Averages and p-values computed from the sample of all individuals with information for baseline
characteristics.
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