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Non-Technical Summary

Central banks are increasingly concerned about the financial and economic impacts of natural
disasters. In 2024 alone, Brazil experienced severe flooding in the southern region, along with
widespread drought and wildfires across the country. In many of these situations, under-insurance
is common, forcing firms and households to rely on credit markets to cope with these adverse
events. When access to credit is limited, the effects of these shocks are amplified and can lead
to long-lasting economic damage. In this paper we combine empirical and theoretical analysis to
examine how (and why) Brazilian farmers responded to the severe frost of July 2021, a shock that
affected coffee farms, a perennial crop whose plants are a significant component of farm value. We
show that most coffee farms did not have active insurance contracts in the period.

We employ a novel methodology to assess the impact of the shock on uninsured farmers. By
combining insurance claims data identified at the farm level from both the public insurance pro-
gram (PROAGRO) and the subsidized insurance program (PSR), we utilize supervised learning
tools, along with farm location data from the rural credit registry, to estimate the extent of damage
on uninsured farmers. We then use transaction-level data on payments and credit, leveraging gran-
ular spatial variation of the shock, to compare the investment, borrowing, and insurance outcomes
between affected and unaffected farmers following the shock.

Our main empirical results are twofold. First, we find that affected insured farmers increased
investment in the years following the shock, while uninsured farmers reduced both investment
and credit take-up, indicating they could not use credit as a substitute for insurance. Second, we
find no evidence of changes in default rates, interest rates, or insurance premiums, suggesting
that credit rationing was the primary mechanism at play. We explain how this pattern aligns with
the theoretical insight that firms cannot fully use their assets as collateral. As a result, financially
constrained firms often do not purchase insurance before a shock and struggle to recover afterward.
This occurs because they must pay the insurance premium upfront, and their borrowing capacity
decreases after the shock as their assets lose value. We highlight two key outcomes: emergency
credit lines fail to effectively assist the firms most in need, and output losses are amplified.

Our main policy implication concerns the design of emergency credit lines. Both our empirical
and theoretical findings show that these lines, especially when intermediated by the financial sec-
tor, are poor substitutes for insurance when the same market imperfections limit both credit and
insurance access. To improve effectiveness, future interventions should be aware of better target-
ing the most constrained firms. For example, less than 50% of funds were disbursed after the frost
shock, and a similar pattern is seen in Rio Grande do Sul’s flood relief, where collateral require-
ments imposed by financial intermediaries were cited as having blocked access for the firms most

in need of assistance.



Sumario Nao Técnico

Os bancos centrais estdo cada vez mais preocupados com os impactos financeiros e econdmi-
cos de desastres naturais. Somente em 2024, o Brasil enfrentou inundagdes severas na regido sul,
além de uma seca generalizada e incéndios florestais em todo o pais. Em muitas dessas situagdes, a
sub-seguro é comum, forgando empresas e familias a recorrerem aos mercados de crédito para en-
frentar esses eventos adversos. Quando o acesso ao crédito é limitado, os efeitos desses choques sdo
amplificados e podem causar danos econdmicos duradouros. Neste estudo, combinamos anédlises
empiricas e tedricas para examinar como (e por que) os agricultores brasileiros responderam a
geada severa de julho de 2021, um choque que afetou as planta¢des de café, uma cultura perene
cujas plantas sdo um componente significativo do valor das fazendas. Mostramos que a maioria
das fazendas de café ndo tinha contratos de seguro ativos no periodo.

Empregamos uma metodologia inovadora para avaliar o impacto do choque sobre os agricul-
tores ndo segurados. Ao combinar dados de sinistros de seguros identificados no nivel da fazenda,
tanto do programa de seguro publico (PROAGRO) quanto do programa de seguro subsidiado
(PSR), utilizamos ferramentas de aprendizado supervisionado, juntamente com dados de local-
izagdo das fazendas do registro de crédito rural, para estimar a extensdo dos danos aos agricultores
nao segurados. Em seguida, usamos dados transacionais de pagamentos e crédito, aproveitando
a variagao espacial granular do choque, para comparar os resultados de investimento, captacdo de
crédito e seguros entre agricultores afetados e ndo afetados apés o choque.

Primeiro, estimatmos que os agricultores segurados e afetados aumentaram seus investimen-
tos nos anos seguintes ao choque, enquanto os agricultores nao segurados reduziram tanto os in-
vestimentos quanto a captacdo de crédito, indicando que eles ndo conseguiram usar o crédito como
substituto ao seguro. Em segundo lugar, ndo encontramos evidéncias de mudangas nas taxas de
inadimpléncia, juros ou prémios de seguro, o que sugere que o racionamento de crédito foi o prin-
cipal mecanismo em agdo. Explicamos como esse padrao estd alinhado teoricamente com o fato de
que as empresas ndo conseguem utilizar plenamente seus ativos como garantia. Como resultado,
empresas financeiramente restritas muitas vezes ndo contratam seguro antes de um choque e tém
dificuldade para se recuperar depois. Isso ocorre porque elas precisam pagar o prémio do seguro
antecipadamente, e sua capacidade de tomar crédito diminui apés o choque, a medida que seus
ativos perdem valor. Destacamos dois principais resultados: as linhas de crédito emergencial fal-
ham em ajudar efetivamente as empresas que mais precisam, e perdas na produgdo decorrente do
choque sdo amplificadas.

Nossa principal implicacdo para os formuladores de politicas diz respeito ao desenho das lin-
has de crédito emergencial. Tant os resultados empiricos quanto teéricos mostram que essas linhas,
especialmente quando intermediadas pelo setor financeiro, sdo substitutos ineficazes para o seguro
quando as mesmas imperfei¢des de mercado limitam o acesso ao crédito e ao seguro. Para melho-
rar a eficdcia, intervengdes futuras devem focar em um melhor direcionamento para as empresas
mais restritas. Por exemplo, menos de 50% dos fundos foram desembolsados apés a geada, e um
padrao semelhante é observado nos programas de crédito emergencial em resposta as inundagoes
no Rio Grande do Sul, onde os requisitos de garantia impostos pelos intermediarios financeiros

foram citados como um entrave para o acesso ao crédito corporativo.
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Volatility and Under-Insurance in Economies with Limited
Pledgeability: evidence from a frost shock *

Victor Orestes’, Thiago Silva*, Henry Zhang®
August 4, 2025

Abstract: We use transaction-level data on payments, credit, and insurance to examine
how Brazilian farmers responded to the severe frost of July 2021, a shock that affected cof-
fee, a perennial crop whose plants are a major component of farm value. The frost shock
reduced both output and the pledgeable value of farmers’ collateral. We find that insured
farmers increased investment in the years following the shock, while uninsured farmers
reduced investment and borrowing. We show how this pattern is consistent with mod-
els of imperfect pledgeability of a firm’s collateral, where constrained firms neither insure
(ex-ante) nor fully recover from a shock (ex-post). Limited commitment endogenously
generates under-insurance through the combination of upfront payment of the insurance
premium with the tightening of borrowing constraints post-shock due to the decrease in
total collateral. We discuss two equilibrium implications of this mechanism: the inefficacy
of emergency credit lines in targeting liquidity constrained firms and the amplification of
output volatility from the rising risk of extreme weather shocks.

The views expressed in this working paper are those of the authors and do not necessarily reflect
those of the Central Bank of Brazil.

1 Introduction

Under-insurance is prevalent in many settings with financially constrained households
and small firms, even when insurance premiums are subsidized to be cheaper than actu-
arially fair. Examples include health insurance, home insurance, flood insurance, wildfire
insurance, and crop insurance. Many researchers have sought behavioral explanations for
under-insurance, and there are many papers that estimate demand for insurance. How-
ever, there is scant empirical evidence on how under-insurance could be constrained op-
timal in response to liquidity shocks, nor is there much empirical evidence in how insur-
ance coverage affects the propagation of shocks. We provide empirical evidence on both

*We are grateful for the helpful feedback from Daron Acemoglu, David Atkin, Martin Beraja, Ricardo
Caballero, Arnaud Costinot, Dave Donaldson, Sarah Gertler, Gustavo Joaquim, Stephen Morris, Daniel
O’Connor, John Sturm Becko, Rob Townsend, Ivan Werning, and participants at the MIT Trade Lunch
and Macro Lunch. All mistakes are our own.
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dimensions, derive endogenous under-insurance in our model, and estimate how firms’
subsequent demand for hedging, credit, and investment in response to a net worth shock
differs with insurance takeup.

This paper provides the first empirical evidence with microdata that collateral con-
straints reduce hedging in response to a large negative one-time shock, amplifying and
extending the time horizon of the shock. We trace the impact of an extreme weather
event, the July 2021 frost in Brazil, on farmers’ payment flows, credit, investment, insur-
ance claims and takeup, and other hedging behavior. The frost affected several crops, but
most prominently coffee, which is a perennial crop. Coffee plants are an important com-
ponent of coffee farmers’ capital stock and the value of coffee farmers’ land. We interpret
the frost shock as reducing farmers’ pledgeable collateral value in addition to farmers’
output upon the next harvest.

We run event study regressions on three sets of outcomes: credit, investment, and in-
surance. We find that among uninsured coffee farmers, experiencing a 1 percentage point
more severe shock resulted in 1.4 percent less debt in the two years after the shock. These
farmers also renegotiated debt; the mean maturity of outstanding debt of the most severely
affected uninsured farmers was 20 months longer relative to baseline than the debt of un-
affected uninsured farmers. In turn, each percentage point of shock severity coincided
with 0.6 percent less investment in the form of purchases from upstream sectors to rebuild
their capital stock. Among uninsured coffee farmers, those who experienced a more se-
vere shock are less likely than less affected farmers nearby to subsequently purchase insur-
ance, even though insurance pricing is community-rated, meaning that a farmer’s history
of claims does not affect her insurance premium. By comparison, there is no relationship
between insurance takeup and frost shock severity for farmers of annual crops.

Our model rationalizes our empirical findings in the context of endogenously incom-
plete markets, and shows that neither emergency credit lines nor insurance subsidies are
effective policy responses when the underlying frictions are limited commitment and col-
lateral constraints. We build our model on Rampini and Viswanathan (2022), with the
additional feature of capital stock shocks in addition to income shocks. The motivation for
this extension is that natural disaster shocks damage firms’ capital stock, or households’
real estate assets, and we envision our model to be applicable to many settings in climate fi-
nance. The model features a production economy whose firms have limited commitment:
farmers cannot commit to paying back any debt in each state of the world and future time
period. Farmers can run away with production and a fraction of collateral. Market incom-
pleteness arises from the collateral constraint. While the not-too-tight borrowing limit is
similar to Alvarez and Jermann (2000), the debt limit differs because default does not pre-
clude debtors from borrowing again, in accordance with the data. Lenders can require



insurance to be linked with credit, and we show that this is endogenously optimal, match-
ing the prevalence of insurance-linked credit in our setting. The shock is a reduction in
the capital stock, which reduces both net worth and current period output. In addition
to the Rampini and Viswanathan (2022) prediction that firms with low net worth use all
financial slack and do not buy insurance to transfer borrowing capacity to bad states, we
predict that 1) uninsured farmers have a larger decrease in borrowing than insured farm-
ers under incomplete markets in response to the shock, and 2) uninsured farmers invest
less in the short-term than insured farmers. Our model contributes to the theoretical lit-
erature on the causes of under-insurance and the financial consequences. Caballero and
Krishnamurthy (2003) show that financially constrained firms abroad who borrow in dol-
lars undervalue insurance due to the gap between the market price and marginal value in
production of a dollar. Dévila and Korinek (2018) show that financial frictions lead to dis-
tributive externalities, resulting in under-insurance, as well as collateral externalities that
lead to over-borrowing.! We then show that the regression estimates are consistent with
the prediction, and use the model to estimate the aggregate impact and the counterfactual
without binding collateral constraints. This paper is the first to empirically demonstrate
the net worth channel of collateral constraints described by Rampini and Viswanathan
(2022).

In addition to the contribution of the model, this paper contributes to two empirical
strands of the literature. The first is an empirical literature on the interaction between
credit and insurance. One strand focuses on the role of ex ante financial constraints that
can be alleviated by financing the insurance premiums (Cole and Xiong, 2017; Casaburi
and Willis, 2018). In our setting, subsidized lending is linked to subsidized insurance
premiums, which Mclntosh et al. (2013) show increases willingness to pay for insurance
but Annan (2022) show can exacerbate moral hazard. Yet insurance takeup is still low, so
we believe that financing premiums is not a sufficient explanation. Finally, Lane (2024)
follow a long literature that studies whether credit can substitute for insurance. We show
that credit and insurance are complements after a shock despite appearing substitutable
ex ante, and we show how this arises from collateral constraints that bind ex post rather
than ex ante.

We are the first to construct a comprehensive dataset that links credit, insurance, and
payment transactions from both firm and individual farmer contracts with banks, insur-
ers, and suppliers at the transaction level. This dataset allows us to trace the effects of

'Martins-Da-Rocha et al. (2022) discuss how competitive equilibria may be suboptimal in economies with
limited pledgability due to the interaction between debt pricing and strategic default, creating a pe-
cuniary externality. Imposing tighter borrowing constraints can improve welfare for everyone in the
economy. In their paper, the effects comes from endogenously determined interest rates. Our results
suggest that even with fixed interest rate these forces might be at play due to endogenous price level
determination, when agents have heterogenous exposure to an aggregate shock.



the frost shock comprehensively, even in the absence of quarterly balance sheet informa-
tion—which is typically unavailable for most farmers in empirical settings.

The second is a long empirical literature in corporate finance, with a burgeoning lit-
erature in climate finance, on the impact of weather shocks on farmers through financial
channels. Bergman et al. (2020) estimate the elasticities of land prices and revenue to
yields using a weather shock instrumental variable (IV), in the setting of the farm debt
crisis in the 1980s in Iowa before the introduction of crop insurance. Brown et al. (2021)
estimate how firms respond to severe weather shocks using credit lines, and find that
heavier snow at a firm’s headquarters decreases cash flow and increases short-term lend-
ing with no impact on investment nor capital stock. Cortés and Strahan (2017) show that
there is reallocation of lending across locations in response to a natural disaster shock as
banks’ balance sheets deteriorate. In our setting, there is a dominant nationwide lender in
the agricultural sector backstopped by the government, so lending rates were unchanged,
allowing us a clean test of the insurance mechanism. In general, our setting and mecha-
nism differ from each of these papers: the physical shock, causing a reduction in the capital
stock, interacted with insurance is what generates our financial and hedging results.

The first to formally describe the coffee cycle using a theoretical model and historical
data was Netto (1959). Netto (1959) discussed how coffee production experiences peri-
ods of expansion followed by crises, driven by backward-looking farmers and the time
required to grow coffee plants. During periods of high demand or supply shocks, prices
rise sharply, triggering investments. However, as production exceeds demand, stocks ac-
cumulate, leading to price declines and a crisis. As stocks deplete and prices recover, the
expansion resumes, continuing the boom and bust cycle. Netto (1959) argued that policies
aimed at maintaining prices during high production amplify cycle volatility, with negative
macroeconomic effects, particularly due to exchange rate volatility during a time when cof-
fee represented 50% of Brazil’s exports and 80% of global production. Our model shows
that boom and bust cycles can also arise with forward-looking behavior, as unaffected
farmers experience relaxed borrowing constraints during shocks, while affected farmers
face reduced collateral and borrow less, leading to a slow recovery and high prices be-
fore the eventual decline. Moreover, in our model, price stabilization policies may dispro-
portionately benefit unaffected (or insured) farmers, further exacerbating the cycle and
increasing volatility.

The setting is well-suited for our study for three reasons. The first reason is the com-
prehensive availability of insurance, combined with the common puzzle of low takeup
despite subsidized premiums and insurance-linked financing for the premiums. In most
settings, revenue insurance is unavailable. In agriculture in Brazil, every farmer can access
public insurance, and most can choose to buy additional insurance from private providers.



Many other countries offer crop insurance subsidies, with global subsidies exceeding $20
billion, yet under-insurance is pervasive (Hazell and Varangis, 2020). The second reason is
the detailed data available on farm production and assets that we merge to payments and
credit microdata, allowing us to trace the domestic impacts of the shock at a granular level.
Finally, agriculture experiences shocks large enough to impact aggregate output, but also
unpredictably heterogeneous enough over nearby locations to provide quasi-exogenous
variation for estimation.

The remainder of the paper is organized as follows. Section 2 describes the institu-
tional setting in Brazil, the data, and the timeline of the frost shock. Section 3 introduces
the empirical methodology and presents the regression results. Section 4 contains the
model, calibration, and simulation results. Section 5 concludes.

2 Setting and Data

Firms demand insurance due to revenue volatility and the desire to hedge against risk,
which can directly arise from preferences or indirectly arise from the cost of default. While
price insurance exists for commodities through derivatives markets, there are no available
revenue insurance contracts in most sectors. This could be due to a combination of un-
raveling induced by adverse selection or moral hazard, credit constraints to pay the insur-
ance premium upfront, and limited commitment by insurers to truthfully fulfill claims.
In the many countries, including the US and our setting in Brazil, the government offers
insurance not just for farmers’ revenues, but also yields (quantities) and costs (input ex-
penditures). Despite the widespread provision of subsidies, with insurance premiums an
average of 30% below actuarially fair in Brazil, insurance takeup is as low as 20% for crops
like coffee. While salience and search costs may be large enough frictions to result in low
takeup among small “household” farmers, the phenomenon of low takeup is true for large
“industrial” farmers as well in Brazil.

In addition, agriculture is a setting where liquidity shocks are particularly salient be-
cause farmers receive most of their income around harvest time. A shock that occurs be-
tween harvests can leave farmers in a difficult situation: current and future income de-
creases, but current expenditure increases to respond to the shock. Even if the farmers
have sufficient assets, they can face a cash flow shortage. This suggests that farmers’ insur-
ance takeup decision is inherently linked to their credit access and borrowing constraints.

2.1 Data

There are three components to our main dataset: the rural credit registry, crop insurance,
and other financial data. The Rural Credit Registry (SICOR) provides contract-level data



for agricultural credit and the linked public crop insurance program. The contracts list the
crop, the area, the expected production, the actual production, the insurance premium,
the insured value, the coverage level, and the precise coordinates of the farm. We observe
insurance claims that quantify the amount of the loss, the amount paid to farmers, and a
description of the reason for the insurance payout. We supplement the credit and insur-
ance data from SICOR with data from the Ministry of Agriculture (MAPA) on insurance
contracts from the main private crop insurers. In MAPA, we observe similar variables
to SICOR for premiums, claims, and farm characteristics. To measure hedging beyond
insurance, we use data on foreign exchange futures and derivatives contracts, which are
cleared and registered through the Brazilian exchange B3, and reported to the Central
Bank of Brazil (BCB). Coffee-specific contracts exist because coffee is an internationally
traded commodity.

For firms” supply chain linkages and borrowing from banks, we merge transaction-
level datasets of interfirm payments, invoices, and credit operations from the BCB. The
BCB credit registry (SCR) contains all firms and individuals whose total debt since June
2016 exceeds 200 BRL, equal to around 40 USD at current exchange rates. Using the cross-
walk between the BCB datasets and the administrative registry from the federal revenue
service, we observe each counterparty’s municipality and 7-digit CNAE sector, which
is similar in specificity to a 6-digit Harmonized System (HS) code. We classify specific
CNAE sectors as upstream of coffee farming, based both on the CNAE descriptions and
payment shares, and split the sectors into investment purchases (e.g. seedlings) and ma-
terial purchases (e.g. fertilizer). See Appendix B for more details.

To measure exchange rate hedging, we construct a farmer-level measure of net hold-
ings in non-deliverable forward (NDF) contracts at each point in time, using the com-
plete record of holdings from B3. B3 (Brasil, Bolsa, Balcdo) is Brazil’s primary financial
exchange and clearinghouse. It provides the central platform for trading and clearing for-
eign exchange derivatives, including an onshore USD/BRL futures contract that operates
as anon-deliverable forward settled in Brazilian reais. This contract is the main instrument
non-financial firms use to hedge exchange rate risk.

A key challenge in constructing the combined dataset of contracts at the farmer level
was the creation of a crosswalk across insurance and credit contracts that small-scale farm-
ers took under their personal identifier rather than their firm identifier. We believe that
we are among the first to construct such a crosswalk for all farmers in any country.

For municipality-level statistics on weather and farm output that we only feature in
Appendix A, we merge weather station data from Brazil’s National Institute of Meterol-
ogy to agricultural survey data from the Municipal Agricultural Production (PAM) and
Systematic Survey of Agricultural Production (LSPA) from the Brazilian Institute of Ge-
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ography and Statistics (IBGE).

Table 1 shows summary statistics from our main dataset. Insured and uninsured farm-
ers differ along most dimensions: uninsured farmers pay higher interest rates, default at
higher rates, have smaller farms, and receive less revenue.> However, insured and unin-
sured farmers were similarly affected by the frost shock; there is little correlation between
the frost shock magnitude and any systematic differences in insurance takeup across the
country or within small geographical regions.

2We define default the standard way in Brazil, as debt that has not been paid at least 90 days after the due
date. The default rate is defined as the ratio of debt that is more than 90 days overdue to the total active
debt.
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Table 1: Summary Statistics on the Frost Shock, Coffee Production, and Hedging

25th 75th Number of
Mean Percentile Median Percentile Coffee Farmers

Farm Area (Ha)

Insured 42.61 6.56 14.22 34.9 20,472
Uninsured 23.88 2.62 5.45 14.08 80,376
Revenue Share from Coffee (%)

Insured 92% 97% 100% 100% 20,472
Uninsured 91% 100% 100% 100% 80,376
Frost Shock Magnitude (Damage Share)

Insured 26% - - - 20,472
Uninsured 27% - - - 80,376
Insured Value (Thousand USD)

Insured 122 25 49 125 20,472
Uninsured - - - - 80,376
Claim Payout (Share of Total Insured Value)

Insured 30% 5% 20% 46% 20,472
Uninsured - - - - 80,376
Foreign Exchange Rate Hedge (Share of Farmers)

Insured 1.4% - - - 20,472
Uninsured 0.06% - - - 80,376
Outstanding Debt (Thousand USD)

Insured 80 0 45 112 20,472
Uninsured 31 0 5.6 32 80,376
Default Rate (Share of Debt more than 90 Days Overdue over Debt)
Insured 2.5% - - - 20,472
Uninsured 6.2% - - - 80,376
Interest Rate (per Annum)

Insured 5.6% 1.1% 4.4% 6.5% 15,747
Uninsured 9.5% 2% 4.2% 5.5% 60,760
Outstanding Debt Maturity (Years)

Insured 7.5 5.9 7.3 8.8 15,747
Uninsured 8.1 59 8.8 99 60,760
Annual Payment Outflows (Thousand USD)

Insured 743 11 43 191 20,472
Uninsured 275 1.6 5.58 18.6 80,376
Agricultural Inputs Payments (Share of Total Payments)

Insured 48% 20% 48% 75% 20472
Uninsured 45% 11% 45% 78% 80,376

Notes: These summary statistics use data from the BCB and SICOR. The damage share of coffee plants is
the insurer’s assessment of the share of future coffee bean production that is lost due to damage from the
frost. Insured value and claims are only available for insured farmers; the values are zero and undefined
for uninsured farmers. The interest rates are low because the government heavily subsidizes agricultural
lending in Brazil.
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2.2 Frost Shock

We study the July 2021 frost in Brazil, which led to an unexpected decrease in the capi-
tal stock for affected coffee farmers. Three severe waves of frost affected the states of Sao
Paulo, Minas Gerais, and Parana between the end of June 2021 and the beginning of Au-
gust 2021. The frost was multiple standard deviations outside the range of outcomes that
farmers typically consider during planting season. Due to timing and geography, the frost
primarily affected perennial crops like oranges and coffee, rather than annual crops like
soybeans and maize. As a result, estimating the aggregate economic impact of the frost
shock would be difficult from harvest data alone®. Measuring frost with weather data can
be imprecise because small differences in geography and soil, in combination with small
differences in temperature, can correspond to large differences in losses.

We interpret the frost as a capital stock shock, rather than solely a productivity or cash
flow shock, because coffee is a perennial crop. The frost killed coffee plants, whose value
is included in the collateral that farmers post for loans. The timing of the frost, at the
end of the harvest season, meant that the 2021 coffee harvest was not heavily disrupted.
We define the shock at the farmer-crop level using insurance claims as a proportion of
insured value. We believe that insurance claims are the best available granular metric of
the shock, and better than the typical weather-based or region-level output based metrics
in the literature. Insurance claims are only paid after an agronomist visits the lot and
validates the extent of the damages. We observe the cause of each claim, and we observe
the precise coordinates of each insured plot.”

We define the frost shock metric FS at the farmer level by matching each farmer i who
grew coffee to nearby insured coffee farmers i’ € N;j who received an insurance claim only
for frost in 2021. We observe farm coordinates x; and the ratio fs; of frost insurance claim
to insured value. We define the frost shock for farmer j as

Zi/eNi wiir (xi) i/ Win(xy) = 1
Zi’ej\riwii’(xi) ’ R d(Xi,Xi')B’

FS; = (1)

I; is defined as
Frost Claim;

1= . ;
Maximum Claim;

3Indeed, the challenge of estimating the effect of frost without detailed microdata at the coffee farm level
has been recognized for a long time. See, for example, Stevens (1955) for a historical discussion.

4See Appendix A for more details about the measurement of the frost shock and the geographical distri-
bution of crops in Brazil.

SThe fact that insurance can be contingent on a frost shock is unsurprising, as frost events, though rare,
tend to have significant impacts on coffee production in Brazil. There were at least 17 frost shock events
in the 20th century.
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where Frost Claim; is the total insurance claim (in reais) paid to farmer i due to frost and
Maximum Claim; is the contracted maximum claim limit. Thus, I; is a proxy for the per-
centage loss resulting from the frost shock. d(x;,xi’) is the distance between farms, and
N;j is the set of k-nearest neighbors of insured farmers to farmer i. Note that (1) is well-
defined for all farmers i, regardless of whether farmer i purchased insurance. Both 3 and
k are chosen by cross-validation. Figure 1 shows the geographical distribution of the frost
shock. Although some coffee-growing regions (e.g. northern Parana state through north-
western Minas Gerais state) were affected more than others (e.g. eastern Minas Gerais
state through Bahia state),® there was variation in the severity of the frost shock even
within each municipality, an administrative division that is on average half the size of
a county in the contiguous US.

Figure 1: Frost Shock Impulse Based on Coffee Insurance Claims

Shock Impulse (%)
0%
0% to 10%
10% to 25%
25% to 50%
e 50% to 75%
®  75%to 100%

Notes: The insurance data are from SICOR. Each dot represents a farm that grew coffee in 2021. The size of
the dot scales in proportion to the size of the farm. The color of the dot represents the shock impulse, equal
to the magnitude of the shock, as measured by the proportion of coffee plants that were damaged, where
darker colors represent higher magnitudes. The coffee-growing regions that were unaffected by the frost
shock, with shock impulse equal to 0%, were Rondoénia, eastern Minas Gerais, Espirito Santo, and eastern
Bahia; these regions can be seen clearly in Figure A1l in Appendix A.

%See Figure Al in Appendix A for a map of coffee production in Brazil.
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3 Empirical Methodology and Results

Our identifying assumption is that the granular impulse of the frost was as good as ran-
dom, conditional on farmer and crop by municipality by year fixed effects. Our justifica-
tion is that the frost was not anticipated at the time of planting, the most severe since the
advent of modern weather stations, and the weather forecast did not foresee it until a week
beforehand, after all planting and insurance decisions were sunk. Even then, forecasts did
not capture the granular spatial variation in the realized shock.

Let i be farmer, j be municipality, let g denote insured versus uninsured, and t be quar-
ter. Our regressions encompass three sets of outcome variables. The credit regressions ex-
amine affected farmers’ outcomes y;j¢, outstanding debt and maturity, with separate event
study coefficients by whether the farmers had existing insurance contracts in place. Our
fixed effects control for farm characteristics («; ), as well as other shocks that affected each
insured group of farmers in a given location and time (o4¢). Let sy be the interaction of
our preferred shock metric FS;, defined in equation (1), with an indicator for whether the
shock occured in the given period: sijr = FS;1{t = T}. Let Ins; be an indicator of whether
a firm purchased insurance at the beginning of the growing season of the shock.

20230Q4 20230Q4
Yijt = Z (5SsijTInsi + Z ‘YSSUTNO_InSi + o + Xjgt + €ijt- (2)
T=2019Q1 T=2019Q1

In other words, the B¢ coefficients in equation (2) compare shocked insured farmers to
non-shocked insured farmers, and the y¢ coefficients compare shocked uninsured farmers
to non-shocked uninsured farmers. Our rationale is that conditional on the granular fixed
effects, the magnitude of the frost shock was as good as random, and differences in out-
comes are reflective of the differences in damages through farmer’s reduced net worth.
We do not compare insured to uninsured farmers in this regression because insurance
status is not randomly assigned. Figure 2 shows the event study coefficients for the {y<}
coefficients, across event time T on the horizontal axis, for the outcome y;;; outstanding
debt balance in Figure 2a and the outcome y;;; debt maturity in Figure 2b.”

The takeaway from Figure 2 is that each additional percentage point of coffee plant
damage for uninsured farmers, comparing against uninsured farmers with zero damage,
corresponds to a 0.4% immediate reduction and 1.4% long-run in outstanding debt bal-
ance. Our interpretation is that farmers’ net worth decreased, so their borrowing con-
straints tightened and reduced their debt load despite having higher marginal returns
to capital. The takeaway from Figure 2b is that each additional percentage point of cof-

7See Figure A4 in Appendix A for the results for the {B<} coefficients.
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tee plant damage for uninsured farmers, comparing against uninsured farmers with zero
damage, corresponds to a 0.08 month immediate increase and 0.2 month long-run increase
in outstanding debt maturity. Our interpretation is that farmers renegotiated debt and re-
ceived forbearance on their loans.
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Figure 2: Credit Regression Results of {y<} for Uninsured Farmers

Percent Change in Outstanding Debt (%)
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(b) Debt maturity increased
Notes: These regressions use credit registry data from the BCB. The event study coefficients correspond to
the cumulative effects across {y¢} in equation (2), comparing credit outcomes for shocked uninsured
farmers to non-shocked uninsured farmers. The interpretation of the shock magnitude s;j- is one

percentage point increase in coffee plant damage. The outcome variables y;;¢ are outstanding debt balance
in panel (a) and outstanding debt maturity in panel (b).

By comparison, we show in Figure A4 in Appendix A that the results for {3$} in re-
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gression (2) are zero across all event time, as we expect; insurance cushions farmers from
the financial impacts of the shock. In addition, we find no significant effects on other credit
outcomes: the debt interest rate, the default rate, and the composition of farmers” debt.

The payment regressions examine how farmer’s purchases changed, specifically fo-
cusing on purchases from suppliers in sectors that are consistent with investment in re-
growing crops or in the quality of the land.?

2023Q4 2023Q4
Yijst = Z BLsij-Ins;Upstream _ + Z Y% sij<No_Ins;Upstream_

T=2019Q1 T=2019Q1

+ Kis + Xmt + €ijts (3)

where 1 is farmer, j is municipality, s is the supplier, t and T are at the quarterly level, and
m is the supplier’s 7-digit CNAE code. The fixed effect ;s control for farmer-supplier
linkages. The fixed effect &;m: controls for shocks that affect any combination of munic-
ipality, time, and supplier sector. The outcome y;js¢ is log payment outflows to suppliers
of agricultural inputs (e.g. seeds and fertilizers) and similar agricultural services that are
consistent with investments to increase future farm output, see appendix B for a detailed
description of which sectors are considered. Similarly to the credit regressions, we do not
compare insured to uninsured farmers because insurance status is not randomly assigned.

Figure 3 shows the event study coefficients for the {y"} and {3 "} coefficients from equa-
tion (3), across event time T on the horizontal axis. For each percentage point of addi-
tional damage, affected non-insured farmers decrease investment over time compared to
unaffected non-insured farmers, with a long-run decrease of 0.38 percentage points. Our
interpretation is that marginal investments are likely to be financed, and firms’ borrow-
ing constraints tighten as net worth decreases due to the shock. By comparison, affected
insured farmers increase investment over time compared to unaffected insured farmers,
with a long-run increase of 0.24 percentage points per 1 percentage point of damage. We
believe that this is due to the liquidity injection from the timing of the insurance payout,
which is typically as soon as an insurance adjuster can reach the farm, versus typical farm
revenues that occur months later.

8We do not use payments to proxy for farmers’ sales because many of the farmers’ sales are made through
advance purchase (CPR) contracts that are not directly affected by the shock.
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Figure 3: Payment Outflow (Investment) Regression Results of {yY} and {p%}
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Notes: These regressions use payment data from the BCB. The event study coefficients correspond to the
cumulative effects across {y?} and {B?} in equation (3). Coefficients {y?} compare shocked uninsured
farmers to non-shocked uninsured farmers, where shocked uninsured farmers decreased investment more,
particularly in the next growing season 4-8 quarters later. Coefficients {3} } compare shocked insured

farmers to non-shocked insured farmers, where shocked insured farmers invested more. The
interpretation of the shock magnitude si;. is one percentage point increase in coffee plant damage.

The insurance regression in equation (4) examines how farmers’ subsequent uptake
of insurance and other hedging changed in response to the shock:

2022

Yijet = Z BICTSijCTIHSic + & + Kyjet + €ijets (4)

t=2017

where 1 is farmer, c is crop, j is municipality, t and T are at the annual (growing season)
level, and Ins;. is an indicator for whether farmer i’s plot of crop c was insured at the
time of the frost shock. The fixed effect «; controls for farm characteristics. The fixed
effect ;.. controls for shocks that affect any combination of municipality, crop, and time.
Figure 4 shows that affected farmers subsequently took up less insurance than unaffected
farmers for coffee, which is a perennial crop where the shock had lasting effects on net
worth. However, subsequent insurance takeup for the annual crops corn and wheat were
unchanged, since farmers plant new seeds every growing season, even though insured
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losses for corn and wheat were substantial.” In the model, we rationalize the subsequent
decrease in coffee insurance takeup among farmers who experienced the shock through
the lens of under-insurance as an endogenous consequence of net worth shocks in the

presence of financial constraints.

Figure 4: Insurance takeup comparing frost-affected farmers to unaffected
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Notes: The regressions are run on insurance data from SICOR and correspond to equation (4) for each of
the three main crops c affected by the frost shock: corn, coffee, and wheat. Only coffee has a significant
insurance response because coffee is a perennial crop, for which the frost shock reduced affected farmers’
net worth, while corn and wheat are annual crops.

In Appendix A, we show additional results that complement the aforementioned re-
sults: we find no significant differences in default rates in Figure A6, interest rates in Fig-
ure A5, nor insurance premiums in Figure A7 between affected and unaffected farmers, in
both the insured and uninsured groups. We interpret these findings as consistent with a
setting where the financial market anticipates farmers’ ability to repay debt in the event of
shocks and allows for some form of state-contingent repayment. This may occur through
mechanisms such as mandatory insurance or automatic debt renegotiation, as observed
in certain rural credit contracts. However, this does not imply complete risk-sharing. As
we will discuss in the model, when farmers face limited commitment constraints, both
insurance and credit uptake will be constrained.

“Note that soybeans, the primary crop in Brazil, were unaffected by the frost shock because of the timing
of the soybean growing season.
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In conclusion, the frost shock led to a reduction in outstanding debt among uninsured
farmers, with an increase in debt maturity through renegotiation and forbearance. After
the shock, uninsured affected farmers borrowed from subsidized credit lines to smooth
consumption, but did not increase expenditure on investment goods, unlike insured af-
fected farmers. We also find that uninsured affected farmers reduced labor demand, both
on the intensive and extensive margin, unlike insured affected farmers. Total value in-
sured decreased for affected farmers but increased for nearby unaffected ones. The credit
channel alone was insufficient to compensate for the lack of insurance, even though emer-
gency credit lines were extended in the period. See appendix for more details.

In Section 4, we present a model that formalizes these mechanisms by introducing
limited pledgeability in borrowing contracts. We show how this friction leads to market
incompleteness, where the ability to insure is closely linked to the ability to borrow. The
frost shock further tightens borrowing constraints, particularly for farmers with lower net
worth, reducing their capacity to hedge against future negative shocks through insurance
or savings and to borrow in response to the shock, constraining their ability to reinvest
after the adverse event and amplifying the real effects of the shock.

4 Model

We consider an economy with risk-averse farmers, subject to shocks to the capital stock.
The key friction is limited commitment: farmers cannot commit to paying back any debt,
and can run away with production and a fraction of collateral (capital). Farmers can only
borrow up to the remainder of the collateral value, and a negative shock to collateral value
tightens their debt limit. The main takeaway is that limited pledgeability of collateral re-
sults in coffee farmers with low net worth neither saving to use internal funds nor hedging
against negative shocks

We build upon the models from Rampini and Viswanathan (2013, 2022). We de-
part from the models by considering a production economy that experiences capital stock
shocks similar to Caballero and Krishnamurthy (2003) and Lorenzoni (2008). Firms, who
cannot commit to repay, write contracts with risk-neutral financial intermediaries, who
are unconstrained and can commit. These contracts condition on state (shock) realization
under limited pledgeability. We show the equivalence between the constrained optimal
contract maximizing farmers’ utility and a market featuring one-period state-contingent
savings (insurance) and non-state-contingent debt contracts, all subject to collateral con-
straints. Markets are endogenously incomplete because it is not constrained optimal to
have state-contingent debt contracts.
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4.1 Setup

Preferences: Farmer i has risk-averse preferences over consumption

uft {Clt} = Z B u Clt ’

where 3 € (0,1). Period utility w(-) is strictly increasing, strictly concave, continuously
differentiable, and satisfies the Inada conditions.

Production Technology: Each farmer i produces a common good with production func-
tion

Yir = Aukiy (5)

where k. is capital. We normalize the price of the investment good, and the unit of valu-
ation of the capital stock, to be 1. Capital evolves according to the law of motion

ki(s}) = 0(sit) (o1 + (1 —8)kie—1),

where i, is investment, § is depreciation, 0(sy) € © is the realization of the capital shock,
© is a finite set, and s* = (sy, ..., s¢) is the history of states. The price of the common good
is potentially state dependent p(s¢).

Contract: We follow the assumption from Rampini and Viswanathan (2022) by assuming
that farmers can write contracts with risk-neutral financial intermediaries conditioning
on state (shock) realization under limited pledgeability. Farmers can abscond with their
income as well as a fraction 1—A of total capital stock in the event of default. Farmers cannot
be excluded from financial markets. Lenders are risk neutral and discount the future at a
rate  and have deep pockets, so lenders are willing to offer any state-contingent claims
with an expected return of at least R.

In the next subsection we discuss the contract that maximizes farmers” welfare sub-
ject to the repayment incentive constraint. We show that the optimal contract can be im-
plemented in a decentralized market and characterize the set of debt and insurance con-
tracts that achieve this. In other words, we show that the same results from Rampini and
Viswanathan (2022) hold in a setting with capital shocks and risk-averse farmers.

22



4.2 Optimal Contract and Endogenously Incomplete Markets

For clarity of exposition, henceforth we exclude the farmer subscripts i. We can write the
optimal contract problem as a problem of choosing a sequence

{c(sY), f(s"), k*(s*)}i>+ of consumption c, state-contingent payment flow f, and capital k to
maximize expected discounted utility

Ec |3 B (el (6)

subject to the current and future period budget constraints:
W (sT) = c(s")+f(s") +Kk"(s7), (7)

Psk (s71) T+ (1= 8)0(s k" (1) 2 ¢ (1) +F(s) +K°(s), V>, (8)

the lender participation constraint:

T
E<[D REf] >0 9)
t=71
and the limited commitment constraint:

B> B0 uted| 2B |3 B0 |, weave), (o)

t=1 t=1'

where {é (sY) } is a solution to the optimal contract when the net worth is given by
t=1

W (s7) =ps'i (s7) S (1 =A)(1—8)0(sT )k’ (s7),

and p(s') is the state-contingent equilibrium price. Constraints (7)-(8) represent the bud-
get constraints. Constraint (9) is the lender’s participation constraint, while (10) is the
repayment incentive constraint. In case of default, the farmer loses a fraction A of the cap-
ital stock, leaving the net worth as W(-). Since farmers cannot be excluded from the credit
market, they would engage in a new contract with an intermediary after default, making
the contract recursive. The next proposition shows that this contract can be implemented
in a decentralized market.

Proposition 1: A consumption allocation is the outcome of the optimal contract if and
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only if the allocation is the outcome of an economy where farmers only have access to a
sequence of one-period state contingent savings contracts {h(s")};>. and one period (not
state contingent) debt contracts {d}>, satisfying:

di <A(1—=208)0(s¢)k(s")+ h(s'), foralls* (11)
—~— ——
Debt Collateral constraint Insurance
di >0, h(s')>0, foralls".
Proof. See Appendix C. O

The result shows that a farmer’s borrowing is constrained by collateral and upfront
insurance due to limited commitment, consistent with our empirical setting where insur-
ance is often mandatory for rural credit. The next section presents a numerical solution
to the model, which helps interpret our empirical findings in the context of endogenous
market incompleteness.

4.3 Numerical Solution

For the numerical simulation of the model, we consider an economy with a continuum of
mass 1 of farmers. At each state farmers can either have capital shock 8 = 0.3, or no shock
0 = 1. We consider 4 states. In states s; and s, no one is subject to capital shock. In states
s3, sS4 half of the farmers are randomly receive the capital shock. Table 2 summarizes the
probability of shocks and prices. We interpret the state s, as the frost shock state, where
prices are high due to the shock affecting a significant fraction of farmers.

State (s) | Price (p(s)) | P(6(s) = 0.3)
$1 1.0 0
2 1.5 0
S3 1.0 0.5
S4 1.5 0.5

Table 2: Price and probability of shock in each state

Table 3 shows the calibrated parameters. We set the transition probabilities in a way
to achieve the following unconditional distribution of states:

Ps =[0.1;0.1;0.6;0.2].

Following Proposition 1, defining b(s) := h(s) — d, we can write the farmer’s recursive
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Parameter | Value
x 0.3
A 0.4
d 0.05
B 0.85
R 1.1

Table 3: Parameter values

problem as:
VW,S: max u(c) + EVWS,,S/S
( ) ¢,k L{W(s)},{b(s')} ( ) B [ ( ( ) )| ]

b(s’)
R

s.t W+Z7t(s’|s) >c+k,

p(s)(O(s)k)* + (1 —8)0(s" )k —b(s’) > W(s'), foralls’,

A(1—58)0(s")k > b(s’), foralls’.

Then we can use the standard dynamic programming techniques to find the policy
and value functions. Numerically, we consider a sequence of aggregate states over time:

S=11 4 , 2,2 12
g Hi;h;;m] .
Based on the model’s policy functions, there exists a critical net worth level, W, such
that if a farmer enters period 3 with a net worth W < W, they will be uninsured in period
2, defined as covering less than 20% of the damage. The initial net worth distribution is
assumed to be uniform, with uninsured farmers having net worth distributed in the range
[0, W] and insured farmers in the range [W, W]. We simulate the model by drawing 1000
farmers in each group (insured vs non-insured) according to the uniform distribution of
net worth just described.
To reproduce the empirical specification with model generated data we consider the
following specification:

2 2
Yit = Z BShock;.Ins; + Z BrShockic(1 —Ins;) + o + gt + €t (13)

T=—1 T=—1

Where i is farmer, g is insurance status, t is period, Ins; is an indicator for insured at
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the time of the shock, y; is the output of interest (debt or investment). The next section
summarizes the numerical results from the model. First, we present the relationship be-
tween net worth and insurance, followed by the event studies in response to the capital
shock. This includes a counterfactual exercise exploring how relative responses would
change if markets became complete after the shock (i.e., no limited commitment).

4.4 Model Results

Figure 5 shows the model-predicted relationship between a farmer’s net worth and insur-
ance coverage. Under complete markets, the farmer always seeks full insurance with any
risk aversion in utility or subsidy to the insurance premium. Under incomplete markets,

there is incomplete insurance with a positive relationship.

Figure 5: Model-Implied Relationship Between Insurance and Net Worth

Percentage Damage Insured in the Aggregate Shock Period
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Notes: This figure shows the model-implied optimal insurance coverage for farmers under two scenarios:
complete markets, where it is always optimal to purchase actuarially fair insurance, and incomplete
markets, where the binding collateral constraint results in low insurance demand when net worth is low,
and a positive relationship between insurance demand and net worth.
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Figure 6 shows the model-implied event studies cumulative effects for borrowing by
insured farmers on the left and uninsured farmers on the right. Insured farmers’ borrow-
ing is increasing in time after the shock under complete markets, but slightly decreasing in
time under incomplete markets. Uninsured farmers’ borrowing sharply decreases under
incomplete markets.

Figure 6: Model-Implied Impulse Response in Borrowing by Insured vs Uninsured Farm-
ers

Insured Farmers Non insured Farmers

] Incomplete Markets
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Credit Issuance (%)
Credit Issuance (%)
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Event Time (Year, 0 = 2021) Event Time (Year, 0 = 2021)
(a) Debt of Insured Farmers (b) Debt of Uninsured Farmers

Notes: The event study plots are generated based on model-simulated data. We consider a sequence of
aggregate shocks over time, including a frost shock and a high-price period, see equation (12). Farmers
are categorized as insured or uninsured, depending on whether their net worth exceeds a critical threshold
W. We simulate the net worth distribution of 1000 farmers in each group, drawing from a uniform
distribution. The empirical specification in (13) relates the shock impacts on debt and investment to
insurance status, using fixed effects to control for farmer and group-time variation. The plots show the
dynamic responses before and after the shock. On the left, we plot the cumulative effects on total
outstanding debt for the insured group, and on the right, for the uninsured group.
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Figure 7 shows the model-predicted change in investment. On the left are insured
farmers, whose investment increases similarly under complete and incomplete markets.
On the right are uninsured farmers, whose investment decreases at the time of the shock
despite having the highest marginal returns.

Figure 7: Model Predicted Change in Investment by Insured vs Uninsured Farmers
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Notes: The event study plots are generated based on model-simulated data. We consider a sequence of
aggregate shocks over time, including a frost shock and a high-price period, see equation (12). Farmers
are categorized as insured or uninsured, depending on whether their net worth exceeds a critical threshold
W. We simulate the net worth distribution of 1000 farmers in each group, drawing from a uniform
distribution. The empirical specification in (13) relates the shock impacts on debt and investment to
insurance status, using fixed effects to control for farmer and group-time variation. The plots show the
dynamic responses before and after the shock. On the left, we plot the cumulative effects on total
investment for the insured group, and on the right, for the uninsured group.

Overall, the results show that market incompleteness amplifies the real effects of the
frost shock. Due to collateral constraints, uninsured firms—those that should invest more
after the shock to replenish lost capital—are unable to do so. The shock reduces both their
borrowing capacity (as collateral diminishes) and their ability to insure against future
shocks, as lower net worth slows the recovery. In the next subsection, we explore the
policy implications of this channel.

4.5 Policy Implications - Emergency Credit Lines

We examine the effectiveness of emergency credit lines within the model’s framework.
Following the frost shock, the Central Bank of Brazil allocated 1.3 billion BRL (approxi-
mately 250 million USD) to be disbursed as credit lines to coffee farmers impacted by the
event. Financial intermediaries, such as banks and credit cooperatives, were responsible
for disbursing the funds. However, only 49% of the total amount was actually lent, and,

28



according to credit registry microdata, a disproportionate share went to farmers already
holding some form of quantity insurance: 40% of all lending went to the 20% of farmers
who had purchased insurance.!’ Given the extent of the frost shock, why did the emer-
gency credit not reach those who needed it most?

The model highlights a key channel: emergency credit lines, intermediated by the fi-
nancial sector, are ineffective because the constraints lie with the farmers, not the financial
intermediaries. While credit and insurance might appear to be substitutes, emergency
credit lines cannot replace insurance when the same underlying friction limits both credit
access and insurance take-up. These financial constraints amplify the impact of weather
shocks on output volatility, leading to a slow recovery for affected farmers, even when
efforts are made to extend credit lines.

These insights align with other international experiences regarding emergency credit
lines. For instance, Joaquim and Wang (2022) examine the Paycheck Protection Program
(PPP) during the COVID crisis in the U.S., where emergency credit lines similarly failed
to effectively reach the most constrained firms. As in our context, they found that firms
most in need of financial support often had limited access to emergency credit due to
pre-existing financial constraints. In both cases—whether through the PPP or credit lines
following the frost shock—the core issue was not the availability of credit but rather the
inability of financially constrained firms, whether farmers or businesses, to utilize it. This
reinforces the idea that financial constraints, when coupled with exogenous shocks, exac-
erbate economic volatility and hinder recovery. Credit extensions, especially when indi-
rectly targeted through financial intermediaries, cannot replace the liquidity provided by
insurance or more flexible financial mechanisms.

Recently, these findings were echoed in the corporate emergency credit lines follow-
ing the flood in Rio Grande do Sul, where only a fraction of the available funds were dis-
bursed due to collateral requirements imposed by financial intermediaries. ! Both cases
highlight a potential flaw in relying primarily on credit-based responses intermediated by
tinancial institutions. Without addressing the underlying constraints that prevent firms
from securing credit or insurance, emergency credit may still lack effective targeting.

5 Conclusion

This paper provides new evidence on how agents respond to net worth shocks based on
insurance status in an incomplete market, and builds a model that rationalizes the results.
The model shows that collateral constraints lead to under-insurance, which in turn can ex-

19For the total amount allocated, see Resolution of the National Monetary Council No. 4,954 of October 21,
2021. For the total amount disbursed, see a report from the Ministry of Agriculture.
1See, for instance, this report .
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acerbate misallocation because the shocked uninsured agents have high marginal return
to capital yet do not invest. The empirical results show that these shocked uninsured farm-
ers reduce both borrowing and investment, and do not subsequently take up insurance as
much as nearby unshocked farmers.

We also show how the under-insurance can increase the propagation of shocks up the
supply chain, amplifying the negative impact on aggregate output. In the general equilib-
rium extension of our model, with endogenous feedback between insurance, investment,
and prices, we quantify the aggregate effect of net worth shocks under limited collateral
pledgeability and demonstrate how emergency credit lines and transfers could mitigate
these effects. The aggregate impact is lower investment and greater output volatility.

Our findings have important policy implications for the efficacy of subsidies for insur-
ance, linked credit, and emergency credit lines in environments with limited pledgeable
collateral. Future research should use quasi-exogenous variation in the pricing of each
component to estimate the elasticities of firms” production decisions to net worth shocks,
as part of a broader exploration of the interactions between credit, insurance, and invest-

ment.
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A Empirical Appendix

The purpose of this section is to provide additional context on coffee farming in Brazil
and on the frost shock. Coffee is a perennial crop whose coffee beans are harvested from
coffee cherries that typically grow on the plant each year. Coffee plants can live for many
decades, and typically do not begin producing cherries until the third growing season.
The growing season of coffee in south central Brazil begins in September to November,
with harvest in June through August. Coffee plants are sensitive to cold temperatures,
with low frost tolerance. The primary coffee growing regions in Brazil, depicted in red
in Figure Al, are in regions where nighttime winter temperatures rarely drop below 10
Celsius.

Figure Al: Geographical Distribution of Coffee Production in Brazil in 2021
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Notes: This figure uses data from the Municipal Agricultural Production (PAM) survey to plot the
municipality-level share of agricultural land in 2021 where coffee was planted. In Brazil, the municipality
is the administrative division that is roughly analogous to the county in the US.

However, during the frost shock, nighttime temperatures were lower than climatic
averages by more than 10 degrees Celsius for multiple periods of consecutive days. The
first frost did not appear in weather forecasts until 3 days before the frost on June 28,
2021, and anecdotes from news articles suggest that farmers had limited options to protect
their trees, given the scale of coffee farming and the fragility of coffee plants. To assign
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the distribution of weather variables to each municipality, we follow the methodology of
Deschénes and Greenstone (2007) and subsequent papers in environmental economics.

Figure A2: Locations of Weather Stations in Brazil in July 2021

.
%

Notes: This figure shows the locations of weather stations from Brazil’s National Institute of Meterology in
yellow, as well as municipality centroids in black.

Using station-by-hour data from weather stations monitored by Brazil’s National In-
stitute of Meterology, whose distribution is shown in Figure A2, we count the number
of hours over the frost shock period of June 28 through August 2, 2021 in each tempera-
ture bin of width one degree Celsius. Then, we use inverse distance weights w, ; between
municipality i centroids and weather stations s with a 100 kilometer radius to define the
municipality-level count of hours in each temperature bin. We define freezing-degree-
hours (FDH) similar to growing-degree-days:

FDH; = ) ws; » max{0,—Tqn). (14)

sneari hour h

where T; 1, is mean hourly temperature at weather station s. Figure A3 shows the distribu-
tion of FDH; across municipalities i with sufficient weather data. However, the sensitivity
of coffee plants to cold weather is highly non-linear, which a quasi-linear variable like
FDH cannot accurately capture. Coffee plants begin to experience defoliation and frost
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burn at temperatures as high as 5 Celsius, which a much wider swath of central Brazil
experienced during the frost shock. The extent of damage varies with wind, and even
the nutrient composition of the soil, in addition to temperature. As a result, we believe
that Figure 1 captures the impulse of the frost shock more accurately than any weather-
based metric, like Figure A3, that follows the standard methods from the environmental
economics literature or the climate finance literature.

Figure A3: Municipality-Level Freezing-Degree-Hours During the Frost Shock Period
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Notes: This figure shows the geographical distribution of freezing-degree-hours (FDH), normalized by the
2011-2020 average, in each municipality. We compute FDH following equation (14) using weather station
data from Brazil’s National Institute of Meterology.
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A.1 Additional Event Studies Results

Figure A4: Credit Regression Results of {3 ¢} for Insured Farmers
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(a) No statistically significant effects on outstanding debt

Change in Outstanding Debt Maturity(months)
I
AN

-5+ -4 -3 -2 -1 0 1 2 3 4 5 6 7 8+
Event Time (Quarter, 0 = Q3 2021)

(b) No statistically significant effects on debt maturity

Notes: These regressions use credit registry data from the BCB. The event study coefficients correspond to
the cumulative effects across {B<} in equation (2), comparing credit outcomes for shocked insured farmers
to non-shocked uninsured farmers. The interpretation of the shock magnitude s;j- is one percentage point
increase in coffee plant damage. The outcome variables y;;; are outstanding debt balance in panel (a) and
outstanding debt maturity in panel (b).
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Figure Ab: Interest Rate Regression Results for Uninsured Farmers and Insured Farmers
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(a) No statistically significant effects on uninsured farmers’ debt interest rate.
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(b) No statistically significant effects on insured farmers” debt interest rate.

Notes: These regressions use credit registry data from the BCB. The event study coefficients represent the
cumulative effects comparing the interest rates (on outstanding debt) for shocked farmers to non-shocked
farmers. The shock magnitude corresponds to a one percentage point increase in coffee plant damage. The
outcome variable, yijt, is the outstanding volume-weighted average interest rate on all farmers’ credit
operations. Plot (a) shows the results for uninsured farmers, while plot (b) shows the results for insured
farmers.
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Figure A6: Default Rate Results for Uninsured Farmers and Insured Farmers
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(a) No statistically significant effects on uninsured farmers’ default rate.
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(b) No statistically significant effects on insured farmers’ default rate.

Notes: These regressions use credit registry data from the BCB. The event study coefficients represent the
cumulative effects comparing the default rates (on outstanding debt) of shocked farmers to non-shocked
farmers. The default rate is defined as the ratio of debt that is more than 90 days overdue to the total active
debt. The shock magnitude corresponds to a one percentage point increase in coffee plant damage. The
outcome variable, yijt, is the default rate, defined as the total volume in default (more than 90 days late
payments) divided by the total outstanding debt. Plot (a) shows the results for uninsured farmers, while
plot (b) shows the results for insured farmers.
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Figure A7: Insurance Premium of Frost-Affected Farmers to Unaffected
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Notes: The regressions are run on insurance data from SICOR and correspond to equation (4) for each of
the three main crops c affected by the frost shock: corn, coffee, and wheat. Outcome s given by

Premium . . . . . . R .
(m) , which is our measure of insurance premium. There is no significant difference on any crops

insurance premium between affected and non affected farmers.

B Data Appendix

We combine all electronic payments at the Central Bank of Brazil: boletos, bank transfers,
and instant payments. Because boletos can be settled via cash, and it is standard to pay
by boleto when issuing a nota fiscal for tax purposes, we believe that we cover almost all
of the farmers” input payments. We classify the following CNAE codes as upstream of
coffee farming, whose code is 0134-2/00, for the sake of the payment regressions that we
interpret as input purchases proxying for investment:

e 0141-5/01: Production of certified seeds, except forage for pasture.

e 0142-3/00: Production of certified coffee seedlings, including genetically modified

ones.
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0161-0/02: Pruning services in coffee plantations.
0161-0/03: Contracted land preparation, cultivation, and harvesting services.

2831-3/00: Manufacture of machinery and equipment for agriculture and livestock,
parts and accessories.

2832-1/00: Manufacture of machine tools, parts, and accessories.

3314-7/11: Maintenance and repair of machinery and equipment for agriculture and
livestock.

3314-7/12: Maintenance and repair of machine tools.
4530-7/05: Retail trade of tires and inner tubes.

4661-3/00: Wholesale trade of machinery, devices, and equipment for agricultural
use; parts and pieces.

7731-4/00: Rental of agricultural machinery and equipment without operator.

7739-0/99: Rental of other machinery and equipment not previously specified, with-
out operator.

7490-1/03: Intermediation and agency activities of services and businesses in gen-
eral, except real estate.

0159-8/99: Production of other plant-based products not previously specified.
0161-0/99: Support activities for agriculture not previously specified.

4611-7/00: Commercial representatives and trade agents of agricultural raw materi-
als and live animals.
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C Model Appendix

Optimal Contract: We can write the optimal contract problem as a problem of choosing
a sequence {c(s"), f(s"), k*(s*) }x>+ to maximize

E. {i B(”Ju(ct)] (15)

subject to the current and future period budget constraints:
W (s™) > c(s") + f(s7) + k*(s7), (16)

Pls i (s71) T+ (1=8)0(s k" (s1) e (1) + (1) +K°(sY), Vi>T (1)

the lender participation constraint:

.
E. !Z R“T)ft] >0 (18)
t=71

and the limited commitment constraint:

Ev [i B(tT/)u(Ct)] > Ev [i ﬁ(tT,)u(ét)] ’ vt > T/V{é (St)}’ (19)

t=1/ t=1/

[e¢]

where {é (s!) } is a solution to the optimal contract when the net worth is given by
t=1/

W(s7) =plstkr (s7) S 1=A)(1—5)8(s )k’ (s71).

Endogenous debt limit framework:
We can write the farmer problem as choosing a sequence {c(s"), b(s"), k*(s*)}t>- to

maximize
U ({c(s)} | s7) = Ex [ZB” ] (20)

subject to the sequential budget constraint

ﬁ(st)k*(st—l)“ﬂl—s)e( *(“)+Z (st s b(st) >

st+l

c(s') +k*(s") +b(s"), Vvt>rT, (21)
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and the debt limit is given by a process {D* (s) o
A1 —8)8(sh)k* <sH) —b(st) > —Di (s}, vt > 1. (22)

On the following, we define the continuation utility, conditional on repaying debt
equal to x at state s and having debt limit given by (Dt (s')h=ras Vi ({6i (s hor, x| sT> )
We say that a sequence of debt limit is not too-tight if for all s*,

Vi ({fy (s hor, x| 5T> = Vi ({fy (s) =, 0| ST)

Following the arguments from Section 3.2 of Martins-Da-Rocha et al. (2022), we can
show that a sequence of debt limits is not too tight if and only if D* (st) = 0 for all s*.

Lemma 1. (Endogenously incomplete markets) A consumption allocation is the outcome of the
optimal contract if and only if, it is the outcome of the endogenous debt limit framework.

Proof. (=) Fix a sequence {c(s'), b(s"), k*(s')}+>. that solves the farmer’s optimal contract
problem. We first show that if a sequence {b(s")};>~ satisfies (18) and (19) then

AM1—8)8(s™)k* (sT/’l> >E. [Z RPtT,] , forallt > . (23)
t=1'

Assume by way of contradiction that there exist T/,s™ such that

AB(s)k* (sTl*l) <Eu !i %] .

t=1’

Consider the following deviation: a farmer defaults on v’ and enters a contract with the
following allocation schedule

. b(st) ift >t
b

0o b .
—E. Zt:7’+1 Rt_jx' ift=1

k*(sY) =k*(sY), forallt >’

First note that by construction ¢(s') = c(s') for all t > 1’. We choose ¢ such that the
budget constraint holds at T. Moreover, the definition of p ensures that (18) holds. Finally,
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note that in the optimal contract, the budget constraint has to hold:

¢ —co = b(s¥) —i(sT) + A(1—8)0(s )K" (sT”)

(o.¢]

-y RP_tT, ~ A= 8)8(sT )k (51) >0,

t=1’

which is a contradiction as the farmer is better off with this deviation. Now, the proof is
analogous to Rampini and Viswanathan (2013). Define

b (f’) —E, i R, | <A1 —8)0(s7)k* (sT’—l) . VT > T

t=1’

Then b, equals b(s™) — 5 /s %W(ST/+1|ST,)b(ST,+1) for all T/ > 7, with b(t) = 0. The
budget constraints (21) become equivalent to the budget constraints (16). Moreover, (22)
holds, so the sequence of consumption is feasible in the economy with endogenous debt
limit.

(<) Fix a sequence {c(s"), b(s'), k*(s")}t>~ that solves farmer’s maximization problem un-
der the endogenous debt limit framework. Define the repayment values, for all t > T:

t(s') :=b(s") — Z %n(stﬂlst)b(st“),

st+l

And consider the sequence {t(s')};>-. This sequence satisfies the budget constraint
(16) by definition. Moreover, it is also true that (18) is satisfied.!> Because:

E. [R’“’T)tt} —0.

Now assume by way of contraction that {t(s*)};>. do not satisfy (19). Then there exists
T’ > T such that U ({c(st)} | sT') < u ({é(st)} | sT'>, where {¢(s')} is a solution to the

optimal contract problem where the initial net worth is given by (s )k* (ST/’1> ) +(1-

12Too see why, note that we can write t(s') = b(s') — E [b(s'**1)], and decompose, by the law of iterated
expectations:

E. [R’“’T]tt} =t(s7) + i

1
i [ET+k [t1+k+1|ST+kH ,
k=1

R

and the fact that b(s') is bounded from above, given that the production function satisfies the inada
conditions.



!

d)(1—A)B(s™ )k* (sT'_1> . Let the associated transfers be t(s'), by the previous part of the
proof it’s true that

b(s!) := E, [Z R(kT/)’Ek] LVt > 1
K=t

is feasible in the endogenous debt limit, when the b(s™) = 0. Now define the alternative

consumption plan,
c(st) ift<t,
&(sh) =
¢(sY) ift>1.

This consumption plan is feasible under the endogenous debt limit problem, since at T’
we have that b(t/) < (1 —8)(1 —A)0(s™ )k* (sT/*l), which implies that U ({c(st)} | sT) <
U ({e(s")} | s7), contradicting optimality. O

Corollary 1. (Alternative characterization of endogenously incomplete markets) A consumption
allocation is the outcome of the optimal contract if and only if the allocation is the outcome of
an economy where farmers only have access to a sequence of one-period state contingent savings
contracts {h(s")}t> and one period (not state contingent) debt contracts {d(s*)}t>~, satisfying :

AB(sY)(1 — 8)k* (s‘—l) Thish)>d <st_1) Vi (24)

d(s') >0, h(s') >0, forallt>r

Proof. We can get the result by defining, on the endogenous debt limit framework, for all
>t 87

and appeal to Lemma 1. O
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