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Weather Variability, Credit Scores and Access to Credit:

Evidence from Colombian Coffee Farmers∗

Nicolás de Roux†

Abstract

This paper studies how weather variability affects credit scores and credit access in developing 
countries. Using rich administrative data on loans to coffee farmers from a large Colombian bank, 
I show that negative weather shocks lead to lower loan repayment, lower credit scores and more 
frequent denials of future loan applications. I present evidence that affected farmer’s income and 
ability to repay recover more quickly from weather shocks than credit access. Therefore, the 
interplay of weather variability and credit scores can lead to the exclusion from credit markets of 
farmers who could repay a loan.
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Variabilidad Climática, Puntajes Crediticios y Acceso al Crédito:

Evidencia desde la Caficultura Colombiana∗

Nicolás de Roux†

Resumen

Este art́ıculo estudia cómo afecta la variabilidad climática los puntajes crediticios y el acceso al 
crédito en los páıses en desarrollo. Usando datos administrativos de préstamos a caficultores de 
un importante banco colombiano, muestro que los choques climáticos llevan a un menor repago 
de los préstamos, a menores puntajes crediticios y a rechazos más frecuentes de solicitudes de 
créditos futuras. Adicionalmente, presento evidencia de que el ingreso de los agricultores y su 
capacidad de pago se recuperan más rápido de los choques climáticos que su acceso al crédito. 
Estos resultados indican que la interacción entre la variabilidad climática y los puntajes crediticios 
puede excluir de los mercados de crédito a agricultores que podŕıan pagar un préstamo.

Palabras Clave: Choques Climáticos, Puntajes Crediticios, Acceso al Crédito, Caficultura.
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1 Introduction

Two of the most important production barriers for developing country farmers are credit con-

straints and unpredictable weather. Weather variability can lead to underinvestment and bad

production decisions (Karlan et al., 2014; Cole et al., 2017). Information asymmetries hinder

access to rural credit markets but can be mitigated with credit bureau information (Conning and

Udry, 2007; de Janvry et al., 2010). As credit scoring systems expand it is crucial to understand

how these technologies designed in the developed world perform in rural agricultural contexts,

where large exogenous shocks may impact income and repayment.

This paper shows how weather shocks that are hard to record in credit histories or to include

in credit scores, can lead to the exclusion of farmers from access to credit. I study coffee farmers

in Colombia who use loans from a large agricultural bank to finance production. I use exogenous

variation from rainfall and rich administrative data at the loan level to estimate the effect of

weather variability on different credit market outcomes. I find that negative weather shocks lead

to lower loan repayment and to lower credit scores reported to credit bureaus. Affected farmers

also have lower credit scores in the future and are more likely to be denied on subsequent loan

applications. The effects on credit scores and loan denial are persistent and can last up to five

years. I then present evidence that the resulting exclusion from credit markets is costly because

many excluded farmers would be able to repay future loans. Specifically, I show that affected

farmers’ income and repayment recover faster than credit scores and access to credit. In sum,

weather variability can entail a welfare cost not just to farmers but also to lenders, since it leads

to the denial of loans that could be repaid.1

To document the channels described above I proceed in two steps. In the first one, I show

that rainfall affects farmers’ loan repayment, credit scores and credit access and that this effect is

persistent. In the second step, I show that income and repayment recover faster from these shocks

than access to credit. For the first step, I use administrative data on loan applications, credit

scores, and repayment from the Banco Agrario de Colombia (BAC) [Colombian Agrarian Bank].

In 2013 the BAC held 97% of formal agricultural loans to small farmers in Colombia (DNP and

FINAGRO, 2014). I merge the bank’s individual data from 2005 to 2015 with administrative data

from the Federación Nacional de Cafeteros (FNC) [National Federation of Coffee Growers] that

provides geographical coordinates for each farmer. I link each loan to the closest rainfall station at

the time of loan disbursement. This allows me to construct precise measures of rainfall variability

at the loan level, using information from nearly 1200 rainfall stations going back to 1982. I estimate

the effect of excessive rainfall on repayment using the universe of loans for coffee production of

small farmers from the BAC in 2005-2010. I focus on excessive rainfall as my measure of weather

variability because it is associated with lower productivity of coffee trees (Boucher and Moya,

1A large agricultural economics literature has documented the costs of credit constraints for farmers. See for
example Carter and Olinto (2003), Petrick (2004), Guirkinger and Boucher (2008) and Fletschner et al. (2010).
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2015). My empirical specification includes fixed effects for rainfall stations and for quarter-year

of disbursement interacted with loan maturity. Thus, the identifying assumption is that the

occurrence of weather shocks at different geographic areas and time periods is not systematically

correlated with other time-varying factors that affect repayment of outstanding loans. I present

balance tests showing that loan and farm characteristics are not systematically correlated with

rainfall shocks.

I find that excessive rainfall decreases the probability of loan repayment and has a persistent

negative effect on farmers’ access to credit. For each quarter of excessive rainfall during the first

year of the loan, the probability of entering into a period of 30 days with overdues increases by 3%

relative to the mean.2 I show that affected farmers have lower credit scores, both on the existing

loan and on subsequent loan applications. The result is that farmers who experience excessive

rainfall are more likely to be denied future loans. In my preferred specification, the probability of

loan denial is 7% larger for each quarter of excessive rainfall in the first year of the previous loan.

Using panel data at the individual level, I show that the effect on credit scores and loan denial

persists at least five years after excessive rainfall.

In the second step, I present evidence that farmers’ income recovers faster from rainfall shocks

than their credit histories. Agricultural research shows that the effects of excessive rainfall on the

productivity of the coffee tree last for only one season (Arcila et al., 2007; Gast et al., 2013). The

recovery in productivity should lead to a recovery in income. To test this empirically, I use data

from the Colombian Agricultural Census of 2014 which contains information of the 2013 harvest

from all farms in the country. I find that excessive rain has a large negative effect on farmers’

income in the following year but no effect in any subsequent years, suggesting that income recovers

from excessive rain. These findings rely on stronger identification assumptions that in the first

part of the paper since the census is only a cross section, but the results are robust to including

different sets of controls. I also present results from placebo tests that give additional support to

the assumption. Assuming that the results from these exercises also apply to the farmers in the

loan data, they imply that income recovers faster than access to credit.

But does income recovery translate into repayment recovery? If repayment depends on factors

like household assets, this might not be the case. Using a sample of long term loans to measure

repayment in a long period of time, I show that excessive rainfall lowers repayment in years two

and three after the shock but that the effect is smaller in year four and disappears in year five.

In other words, repayment starts to recover in year three after the shock and has fully recovered

in year five. These results imply that some farmers are denied a loan that they can repay, since

in year five credit access is still affected by the weather shock. Two additional pieces of evidence

point to the same direction of the result on repayment recovery. First, BAC’s repayment schedules

2In a sample of loans of farmers who apply for a second loan, the effect is much larger and close to 11% of the
mean.
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are organized to match the harvests of its farmers, suggesting that income for farm production is

related to loan repayment. Second, although empirical evidence on this matter is scant, Chirwa

(1997) finds that crop sales of small farmers are correlated with higher loan repayment in Malawi

and Acquah and Addo (2011) find that higher fishing income is correlated with higher repayment

of loans to fishers.

The results on repayment recovery imply that some farms are denied a second loan that they

can repay, creating a cost to the bank. Ex ante, it is possible that rainfall shocks would reveal

information to the bank about farmers’ types that would help improve its lending decision. My

results show that a substantial fraction of farmers regain the ability to repay loans a few years

after the shock. If this was not the case, I would not observe an average pattern of recovery in

the sample of long term loans.

This paper is related to two large branches of the development literature. First, it relates to

work on the consequences of weather and income variability in developing countries. For example,

weather risk can lead to lower accumulation of productive assets and investment (Rosenzweig

and Wolpin, 1993; Karlan et al., 2014), lower consumption (Kazianga and Udry, 2006), lower

investment in human capital (Jacoby and Skoufias, 1997; Jensen, 2000; Shah and Steinberg, 2017)

and higher levels of conflict and violence (Miguel et al., 2004; Hidalgo et al., 2010). The absence

of well functioning credit or insurance markets in developing countries exacerbates the effect of

this type of risk on farmer’s welfare (Foster, 1995; Jayachandran, 2006). Second, it relates to

research that studies why farmers are credit constrained (Conning and Udry, 2007; Giné et al.,

2012). The lender in my context cannot differentiate between high risk borrowers and those that

had a temporary weather shock, leading to credit constraints for farmers who would be able to

repay loans. Therefore, farmers can lose access to credit because agricultural production generates

volatile income streams, that in the absence of insurance, lead to loan default.3 This loss of access

can be persistent due to worse credit histories and credit scores.4

The paper is also related to a literature on credit scores. For example, Einav et al. (2012),

Einav et al. (2013) and de Janvry et al. (2010) estimate positive impacts of credit scores on credit

market outcomes. There is a large literature in finance that studies the effects of information

sharing through credit bureaus and the use of credit reports (see for example Sharpe (1990),

Pagano and Jappelli (1993), Vercammen (1995), Padilla and Pagano (2000), Dobbie et al. (2016)

and Garmaise and Natividad (2017)). This paper points to an inefficiency that arises in contexts

where repayment is affected by large orthogonal and transitory shocks that are hard to record in

3In Colombia, there are no rainfall index insurance markets. See for example Boucher and Moya (2015).
4More generally the paper relates to a voluminous literature that studies the effects of weather on economic

activity. See Dell et al. (2014) for a summary. Estimations of the effect of rainfall on repayment are scant. To my
knowledge, the only other work that estimates at the farmer level this effect is the paper by Pelka et al. (2015),
although their rainfall measures are at the bank branch level. See Castro and Garcia (2014) for an estimation of
the effect of climate variations in a structural default risk model, using aggregate data from the BAC.
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credit histories or to include in credit scores.5 Credit scores were introduced in the 1950’s in the

United States (Mester, 1997) and most likely were designed with the particularities of consumers

and small and medium enterprises in developed countries in mind. Acemoglu and Zilibotti (2001)

argue that many technologies used in less developed countries were invented with the needs and

conditions of rich countries in mind, which explains part of the productivity gap between these two

groups. Traditional credit scoring systems might not be as well adapted to agricultural lending

in developing countries as they are to consumer lending in developed countries.

The problem documented in this paper could be mitigated if information on weather is used

in credit scores.6 To my knowledge, this is not done in the credit scoring industry.7 The likely

reasons for this are similar to those that make it hard to implement weather index insurance at

scale in low income countries. The construction of an index that provides protection to farmers

and the estimation of premium rates for providers requires long series of high quality yield and

weather data. This information is not available in general and gathering it, if possible, is costly

(Barnett and Mahul, 2007; Castillo et al., 2016). Similarly, correlating weather extreme events

with repayment to build credit scores requires long series of weather data that is precise enough

for each farmer.8

The rest of this paper is organized as follows. Section 2 provides some background on agri-

cultural credit markets in Colombia and the BAC. Section 3 describes the data and discusses the

empirical strategy. Section 4 shows how rainfall shocks affect current loan outcomes. Section 5

shows that rainfall shocks have a negative and persistent effect on credit scores and credit access.

Section 6 shows evidence on the recovery of farmers’ income and repayment after rainfall shocks.

Section 7 concludes.

2 Agriculture in Colombia and the Banco Agrario

2.1 Agricultural Financing

Capital is under-supplied in the rural sector in Colombia. According to the Censo Nacional

Agropecuario (CNA) [National Agricultural Census] collected by the Colombian national statisti-

cal agency, the Departamento Administrativo Nacional de Estad́ıstica (DANE), in 2013 only 11%

of agricultural producers demanded credit (either formal or informal). Of these, 90% got a loan.

The Encuesta Longitudinal Colombiana (ELCA) rural panel, representative of four rural regions

5The idea that a transitory shock can affect credit scores and credit access long after the recovery of repayment
can apply to contexts other than agricultural lending in developing countries. Avery et al. (2004) argue that
temporary circumstances that affect repayment can generate problems for credit scoring systems in consumer
lending markets.

6For work on how to improve credit scores see for example Rocha Sousa et al., 2016 and Wei et al., 2015.
7The lender and the credit bureau of this study do not do it. Other banks in Latin America working with the

same credit bureau do not do it either.
8I am able define precise measures of rainfall shocks at the loan level using a data set with geographical coordi-

nates that is not available to the lender of this study. I can only do this for one crop, coffee in particular.
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in the country, shows better results.9 In 2013, 48% had some form of loan and the main source

of capital for rural households were formal loans (Cadena and Quintero, 2015).

The BAC, a publicly owned bank created in 1999 to finance agriculture, is the main player

in the rural credit market. In 2013 it lent 97% of formal loans to small farmers and it is the

only bank present in all of Colombia’s 1123 municipalities (DNP and FINAGRO, 2014). 89%

of the banks’ branch offices are in rural areas. The Fondo Agropecuacio de Garant́ıas, (FAG)

[Agricultural Guarantees Fund] provides collateral for small farmers.10 But despite FINAGRO

guaranteeing collateral, the BAC has strong incentives to screen borrowers since the process to

reclaim collateral in case of default is costly. Also, the Bank is regulated as other private banks

and its performance is monitored with indicators of borrower default. Poor performance can force

financial authorities to intervene.

2.2 The Loan Application Process

The typical farmer applies for a BAC loan at the branch office closest to his farm. In the office,

a Bank employee inquires about the standing of the farmer with the credit bureau. This query

results in a report with the credit history of the borrower and it’s credit score. I will refer to this

score as the Bureau Score. The report also tells if the application process can continue.

Denial at this stage of the application depends on the Bureau Score, on other variables like

credit history and on BAC policies. For example, the BAC sets a threshold for the Bureau Score

below which the application is denied. There are other variables that determine if the application

is denied at this stage. An example is the number of periods with overdues during past loan

tenures. The analysis of this paper focuses on the effect of weather shocks at this stage of the

application. After making it trough this stage, the application goes to the main offices of the

BAC in Bogotá. There, each loan application is individually revised by a credit analyst. The

credit analyst has the final say on the approval of the loan.11

3 Data and Empirical Strategy

This section describes the data and the definition of the main variables. I present summary

statistics and discuss my main empirical specification and its identification assumptions. Further

details on data processing are presented in the Data Appendix.

9The ELCA panel is a longitudinal survey conducted by the Universidad de los Andes.
10 The FAG is administered by the Fondo para el Financiamiento del Sector Agropecuario (FINAGRO) [Fund

for the Financing of the Agricultural Sector]. FINAGRO is a bank that lends “rediscount” funds to other banks
like the BAC, which use them to lend to farmers. This is an example of a second tier bank (FINAGRO) that lends
to a first tier bank (BAC). FINAGRO is also a public institution created to promote agriculture in Colombia. In
2013, 85% of FINAGRO’s “rediscount” resources where allocated by the BAC (DNP and FINAGRO, 2014).

11Farmers with no previous record with the financial system start directly with the analysis stage.
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3.1 Data Sources and Variables

I use four data sources to conduct my analysis:

(a) Administrative records from the Banco Agrario de Colombia. This contains information

on individual loans, their characteristics (interest rate, maturity, etc), monthly overdues

and a loan score. It also contains information on loan applications from the credit bureau,

including an indicator for denial at this stage and the Bureau Score. The loan data is

available for 2005 - 2015. The application data is available for 2010-2015.

(b) Administrative records from the Sistema de Información Cafetera (SICA) [System of Coffee

Information] from the FNC. The SICA contains yearly information on plot characteris-

tics from coffee farmers in Colombia that interact with the FNC. Importantly, it contains

geographical coordinates of the farm. I have data for 2006-2014.

(c) Precipitation data from the Instituto de Hidroloǵıa, Meteoroloǵıa y Estudios Ambientales

de Colombia (IDEAM) [Institute of Hydrology, Meteorology and Environmental Studies].

This data set contains information on observed rainfall at a monthly frequency of close to

1600 rainfall stations from 1982 to 2016.

(d) Data from the Censo Nacional Agropecuario (CNA) [National Agricultural Census] of

2014. The census was carried by the Departamento Administrativo Nacional de Estad́ıstica

(DANE), Colombia’s national statistical agency. It contains information on quantities pro-

duced in the harvest of 2013. Farms are also georeferenced.

To construct the sample of the main analysis, I find the loans in the Banco Agrario data of

the SICA coffee farmers. I keep only loans intended for coffee production for which I observe

the farm in the SICA in the year of loan disbursement. I keep only loans linked to farms of 10

hectares or less.12 I then link the loan to the closest rainfall station according to the Euclidean

distance. In the Data Appendix I describe in more detail the construction of the sample and of the

variables. The resulting sample, to which I refer to as the Loan Sample, consists of about 242,000

loans disbursed in 2005-2011 to 129,000 farmers.13 For each loan I observe it’s size (in Colombian

pesos), interest rate, maturity, loan line, loan program, loan type, and with a monthly frequency

the number of overdue days and the Loan Score. The line and type are large classifications used

by the bank to separate across big categories of loan products with similar characteristics. Loan

program information indicates if the loan belongs to different special loan programs from the

12The mechanisms described in this paper might not apply to large farmers who can smooth shocks more easily.
Therefore I keep only small and median coffee farmers whom, according to the FNC, have farm extensions of up to
10 hectares.

13Although I have information on loans disbursed in 2005-2015, to construct loan default outcomes I need to
observe repayment behavior in subsequent years. Since an important part of the analysis below uses long term
loans (of maturities of five years of more) I restrict the sample to loans disbursed no later than 2011. In that way
I can observe repayment at least five years after the loan was disbursed.
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government. The Loan Score is a monthly score that tracks the farmer standing with the bank

and that is reported monthly to credit bureau and financial authorities.

From the SICA I have information of the farm linked to the loan. I observe its size (in hectares)

and various decision variables from the farmer. These include the size of the coffee plot, it’s age,

density, the percentage with shade, and the percentage cultivated with the Caturra variety. The

density is the number of coffee trees per hectare. The percentage with shade is the fraction of the

farm with bigger trees that give shade to the coffee tree.14

To study repayment behavior I use the monthly overdue days to construct an indicator of

default at the loan level. My preferred indicator is a dummy for loans that ever entered into a

period of 30 days (or more) past due. I define an analogous dummy for 60 days past due. I also

estimate the effect of weather variability on the Loan Score. The Loan Score takes values letters

ranging from A (highest) to E (lowest). This score is reported by the BAC to credit bureaus and

financial authorities and varies at the monthly level depending, among others, on loan repayment.

Information on bad client types is transmitted to the financial system through this score. When

a loan is disbursed it starts with a Loan Score of A. I define a dummy for loans that had a loan

score lower than A at any point in time and a dummy for loans that had a score of E.

I am also interested in the effect of weather variability on future loan applications, that is on

applications that follow a previous loan tenure. To define the Application Sample, I take the most

recent loan in the Loan Sample starting in 2008 and find the first application after the end of

the loan. This is done for each farmer in the Loan Sample. I am interested in the effect of the

weather shocks on the Bureau Score of this “future” application and on whether the application

is denied at this stage. I start the search of the next application with loans disbursed in 2008 or

after because the application data starts in 2010. Also, in 2008 Colombia introduced a law that

requires negative information (past defaults) to be erased in credit bureau bureau data sets after

four years.15

Finally, I use the precipitation data to construct measures of weather shocks at the rainfall

station level. For each station, I add monthly rainfall to obtain total rainfall for each quarter-year

from 1982 to 2016. Then, for each of the four calendar quarters of the year, I obtain the 80th

percentile of realized rainfall.16 I say that in a given quarter-year there was an excessive rainfall

shock if observed rainfall was above the 80th percentile of the corresponding distribution.17 My

14Density, the percentage with shade and tree variety are important determinants of coffee productivity (Gast
et al., 2013).

15Note that this law does not imply that the effect of the shock on credit access can last up to five years. For
example suppose a farmer is hit by a shock in year 1, which causes overdues up to year 3. The record of these
overdues can then last up to year 7 because of the law. In this example, the shock can have an effect on credit
access that lasts up to seven years.

16For each calendar quarter (for example the calendar quarter of January, February and March) of each station
I have 35 observations.

17I focus on excessive rainfall shocks since coffee growing in Colombia is more sensible to periods of excessive
rain. See Gast et al. (2013), Boucher and Moya (2015), and Turbay et al. (2014).
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preferred rainfall shocks variable for a given loan is the number shocks in the first year after loan

disbursement, in the closest rainfall station. This variable takes values ranging from 0 to 4. My

definition of rainfall shocks takes into account seasonality both at the station and at the calendar-

quarter level. A shock occurs if in a given quarter, rainfall is particularly high compared to the

historical raininess of the rainfall station during that quarter. Jayachandran (2006) and Kaur

(2019) define shocks at the district-year level similarly, using the historical rainfall distribution

and the 80th percentile for excessive rainfall shocks. As Kaur (2019) points out, this definition

captures the non-linear relation between rainfall and crop productivity. I define an additional

measure of rainfall shock using the 90th percentile as threshold.

Table 1 presents summary statistics of the Loan Sample. Panel A describes loan characteristics:

the average value disbursed is 3.4 million pesos (or about 1820 US$ at the average daily exchange

rate of 2013, equal to 1869 Colombian pesos per US$), at a yearly interest rate of 10% and

maturity of 3.3 years. 55% of the loans (Line 1) are to finance working capital (fertilizer purchases

for example), 22% are to replace old coffee trees (Line 2), 16% to invest in new coffee trees (Line

3) and 6% to invest in equipment and commercialization. Together, these four loan lines make up

for 99% of the loans in my sample. 9% of the loans were from special programs and 98% of the

loans were agricultural loans. Summary statistics of farms are reported in Panel B. The average

farm has a size of 2.8 hectares of which 1.6 are cultivated with coffee. The average age of coffee

trees is 6.5 years and 60% are of the Caturra variety. On average there are about 5 thousand

coffee trees per hectare and 12% of the coffee plantation has shade.

Panel C of Table 1 describes the rainfall variables. The average distance to the rainfall

station is 6.4 kilometers and the median is 5.9. In panel A of Appendix Figure A1, I depict the

distribution of coffee farms in the SICA across Colombia, for the years 2010-2013. Panel B shows

the distribution of the rainfall station that are close to at least one farm in the SICA. Taken

together, both panels show that the distribution of the IDEAM rainfall stations is dense in coffee

growing areas of Colombia. This suggests that the closest rainfall station provides a good measure

of the extreme weather events that farmers face.

The average number of shocks in the first year of the loan tenure is 1.5 and at least 75% of the

loans had a shock in that year. This fact can be due to three reasons. First, the shocks I consider

are not extremely atypical, since they correspond to realizations above the 80% percentile of the

calendar quarter rainfall distribution. Second, it can be due to the fact that the period I consider

was a particularly rainy one because of the occurrence of the “La Niña” climatic phenomenon in

the second half of 2010 and in 2011.18 The occurrence of la Niña in my period of analysis likely

18La Niña [The Girl] is an ocean-atmospheric phenomenon. It is generated by lower than average temperatures
of the Pacific Ocean in its Eastern-Central part that lead to higher levels of rain and cloudiness in some countries
of South America like Colombia, Ecuador and Peru (Gast et al., 2013). Its counterpart, El Niño [The Boy]
phenomenon, is associated with lover temperatures than average and has the opposite effects on rainfall than La
Niña.

8



leads to additional variation that is useful in estimating the effect of rainfall shocks. A concern is

that the recovery results presented below do not apply to periods with no Niña. This is unlikely

the case since, if anything, la Niña leads to more severe weather. The third reason is related to

global warming. Since global warming increases the occurrence of atypical weather (Trenberth,

2006), atypical weather events are more likely to be concentrated at the end of the time series,

which corresponds to my period of analysis. The fact that weather extreme events are becoming

more frequent because of global warming gives additional relevance to my results.

Panel D of Table 1 shows summary statistic for loan outcomes. 15% of the loans entered into a

period of 30 days past due, and 11% entered into periods of 60 days past due. Overdues translate

into changes in the Loan Score: on average 18% of the loans in the sample had a score that fell

from A and for 9% of them, it fell to the worst possible score, E. Still, most loans (more than

82%) are never overdue or have a score lower than A.

Finally, Panel E of Table 1 shows summary statistics for the Application Sample. For 70% of

the starting loans I find a subsequent application, which happens on average one year and three

months after the end of the first loan. The average Bureau Score is 935 and 10% of the loans are

denied at this stage of the application.19

3.2 Empirical Strategy

I estimate by OLS the model:

yijmτ = βnjτ + x′jτγ + µmτ + δj + εijmτ (1)

where yijmτ is an outcome of interest. i denotes loans, j denotes rainfall stations, m maturity

and τ the quarter-year of the disbursement. When yijmτ is an application outcome, m, j, and

τ refer to the loan before the application. njτ is the number of shocks in the first year after

loan disbursement.20 I focus on the effect of rainfall shocks during the first year of loan maturity

because my sample consists of a continuum of maturities starting with maturities of less than a

year. xjτ is a vector of predetermined variables at the time of loan disbursement (loan and farm

characteristics in Table 1). µmτ are quarter-of-disbursement times maturity fixed effects. The

maturity fixed effects consist only of a dummy equal to one for loans of maturities of three or

more years.21 δj denote rainfall station fixed effects and εijτ is a mean-zero error term. I cluster

the error terms at the rainfall station level when estimating equation (1).

The inclusion of µmτ and δj implies that the coefficient β is identified from variation in njτ

19The average Bureau Score comes from about 26500 loans and is not representative of all the loans of the BAC.
20Since I define rainfall shocks using calendar quarters and also for simplicity, I handle other dates at the quarter

level too.
21Although I have a continuum of maturities, its distribution is bimodal. One mode is in one year and the other

in five years.
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across time within rainfall station, for loans of similar maturity. Therefore β is identified and has

a causal interpretation as long as that the occurrence of shocks for a given rainfall station is not

systematically correlated with other time-varying factors that affect repayment of outstanding

loans. Formally, I assume that:

E[εijmτ |njτ , xjτ , µmτ , δj ] = 0 (2)

This assumption is reasonable given my definition of rainfall shocks. njτ captures atypical rainfall

realizations for a given year in a given station. This variation is likely to be uncorrelated with

other time varying factors that affect repayment. To study the plausibility of this assumption

I do a covariate balance test. I estimate equation (1) using as left hand variable the elements

of xjτ (loan and farm characteristics that are predetermined when the loan is disbursed, listed

in Panel A and Panel B of Table 1). For ease of presentation, before running the regression I

standardize both the left hand variable and njτ by subtracting their sample mean and dividing

by their standard deviation. Figure 1 plots the estimates of β with 10% confidence intervals.

Out of 15 covariates 11 are precise zeros, one coefficient is marginally significant (Loan Line 1)

and 3 are significant (interest rate, the dummy for special program and Loan Line 4). Still the

magnitude of these three estimates is small, ranging from -0.023 to 0.015 standard deviations

for a increase of one standard deviation in njτ . The results from Figure 1 suggest that rainfall

shocks are not systematically correlated with loan and farm level characteristics. Still, I include

controls for predetermined characteristics in my main specifications. In Section 4, I also present

estimates of equation (1) omitting the set of predetermined controls xjτ . The results remain

practically unchanged when xjτ is omitted from the equation, providing additional support for

the identification assumption in equation (2).

4 Weather Variability and Current Loan Outcomes

In this section I study the effect of weather shocks on current loan outcomes. I find that rainfall

shocks increase the probability of default and lower the loan score reported to credit bureaus and

financial authorities.

Table 2 presents the results from estimating different versions of equation (1). In Panel A,

the outcome is a measure of repayment behavior. Panel B uses outcomes related to the Loan

Score. Each column of each panel corresponds to a different regression. I include predetermined

controls at the time of loan disbursement in all specifications (variables in Panel A and Panel B

of Table 1). The first column of Panel A shows the estimated effect on the number of shocks in

the first year of the loan (njτ ) on the 30 days past due dummy. Each additional shock increases

the probability of entering into a period of 30 days past due in about 3% relative to the mean (of
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0.15). This implies that loans in the sample with two or more shocks in their first year (about 25%

of the loans) had a probability of being past due 6% larger compared to the mean. Column (2)

of Panel A shows that the effect is similar if I use the 90th percentile of the rainfall distribution

to define the shock. Also, if I use a dummy equal to 1 for loans that had two or more shocks as

my measure of weather variability I find a similar effect. Column (4) uses as outcome a dummy

for loans that were past due in 60 days or more. The estimated effect is the same as that of

column (1). If I restrict the sample to loans with a distance to the rainfall station below the 75th

percentile, or if I look only at loans with short maturities, the effect remains unchanged (columns

(5) and (6) respectively). Column (7) reports the effect of the number of rainfall shocks but in

the sample of loans with maturities above 3 years. Although the effect is non-significant the point

estimate is similar to the one in Column (1).

The results of Panel A show that rainfall shocks lead to worse repayment. But does this

negative information arrive to credit bureaus? Panel B of Table 1 shows the effect of rainfall

shocks on the Loan Score reported by the BAC to credit bureaus. The main outcome is a

dummy equal to 1 for loans that saw their score fall from A (recall that all loans start with an

A). Columns (1) to (3) show that irrespective of the definition of the shock, a higher number

increases the probability that the Loan Score falls. This indicates that weather extreme events

lead to negative information that is reported to credit bureaus. The outcome of column (4) is a

dummy for loans that had a score of E (the lowest possible) at any point in time. Column (5)

presents the estimates of the effect on the Loan Score but restricting the sample to farms close

to the rainfall station and columns (6) and (7) restrict the sample to loans of short and long

maturities respectively. In all cases, the number of rainfall shocks in the first year of the loan

tenure deteriorate the Loan Score.

Appendix Table A1 reports estimates of equation (1) but without the inclusion of predeter-

mined controls. The results are very similar to those in Table 2. For Panel A the results remain

practically unchanged: in some cases the estimate is noisier and only in columns (3), (4) and

(7) the point estimates change, although by a small amount. In panel B the effect of the shock

variable on the probability of the Loan Score falling to E is non-significant. But this is the only

case with a qualitative difference between Table 2 and Appendix Table A1. Overall, the inclusion

of controls does not change the qualitative results of the effect of rainfall shocks on repayment

and the Loan Score. This is another piece of evidence that supports the identifying assumption

of equation (2).

5 Weather Variability and Future Loan Applications

In this section I estimate the effect of weather variability on loan application outcomes. I find

that farmers who experience a rainfall shock during a loan tenure have lower Bureau Scores and
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higher probabilities of denial in their next application. Using a panel of farmers I show that these

effects can last up to five years.

5.1 The Effect on Rainfall Shocks on the Next Application

The exercises of this section use the Application Sample defined in Section 3.1. In particular,

for each farmer I take the most recent loan disbursed in the period 2008-2011 and find the first

application after the end of the first loan. This leaves me with one application per farmer that is

preceded by a previous loan. I am interested in the effect of rainfall shocks during the first loan on

the Bureau Score and the probability of denial of the application. Therefore, I estimate equation

(1) but using as outcomes (yijmτ ) the Bureau Score and a dummy equal to 1 if the application is

denied.

Table 3 presents the results. In Column (1) the outcome is a dummy equal to 1 if there is

an application after the first loan. Therefore, the estimated coefficient is the effect of rainfall

shocks on the probability of applying for a new loan. I find a negative point estimate which is not

statistically significant suggesting that there is no selection on rainfall shocks on the probability

of applying for a new loan.

Column (2) reports the effect of rainfall shocks on the probability of being 30 days past due

past in the first loan. This is equivalent to column (1) of Table 2 but in this case the sample of

loans corresponds to those that are followed by an application. Again, rainfall shocks cause worse

repayment outcomes. The estimated effect is much larger than in Table 1. In this sample, each

additional shock increases the probability of being 30 days past due in 11% relative to the mean,

which is considerably larger than the 3% increase coming from Table 1. Column (3) of Table

3 reports the estimated effect of the number of shocks on the Bureau Score. The occurrence of

shocks causes a lower Bureau Score in the next application, with each additional shock leading do

a decrease of about 3.4 points. Relative to the mean this is effect is not large (since the mean is

close to 1,000) but still, it represents 3% of a standard deviation of the outcome. Finally, Column

(4) shows the effect of rainfall shocks on a dummy of application denial. Each additional shock in

the first year of the previous loan leads to an increase in the probability of denial of around 0.01.

This effect is large, it corresponds to an increase of 7.5% in the probability of denial relative to

the mean.

The results of Table 4 indicate that weather variability leads to a lower Bureau Score and a

higher probability of denial of future applications. Therefore, rainfall shocks cause worse repay-

ment and translate into worse application outcomes. In other words, weather variability excludes

farmers from future access to credit.
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5.2 Persistence

This section shows that the effect of rainfall shocks on future loan applications is persistent. Using

a panel at the individual-year level, I show that the effect of rainfall shocks on scores and access

to credit lasts at least five years.

To build the panel I use the application data described in Section 3.1 and consider two out-

comes: 1) the average Bureau Score (for each individual I average across all the observed appli-

cations in year t) and 2) a dummy equal to 1 if any of the applications in t was denied.22 In this

individual panel, I estimate by OLS the model:

xijt = θi + γt +

5∑
k=0

βknjt−k + uijt (3)

where xijt is the average Bureau Score of individual i in year t or a dummy equal to one if any of

individual i’s applications was denied in year t. As before, j denotes rainfall stations and njt the

number of shocks in rainfall station j in year t. θi and γt denote individual and year fixed effects

respectively. uijt is a mean zero error term, which I cluster at the rainfall station level.23

I build the panel with the application data available for 2010-2015. Since I only observe the

farmer if he applies for a loan, the resulting panel is unbalanced and selection is a concern. Still,

for three reasons selection does not seem to be an important problem. First, in the previous

section I showed that the probability of applying for a new loan is not affected by the rainfall

shocks. Second, in the results reported below I present estimates for samples that differ in the

number of years each individual is observed. The results do not change depending on this. Third,

if selection is fixed at the individual level, it is captured by the individual fixed effect θi of equation

(3).

Table 4 presents the results of estimating equation (3) by OLS. Columns (1) and (2) use a

sample with at least two observations per individual in years 2010-2015. Columns (3) and (4)

use a sample of individuals that I observe in all six years. Column (1) shows that rainfalls shock

have a negative and persistent effect on the Bureau Score. Each additional shock in lag t − 2

of the loan application reduces the Bureau Score in 2.9 points. Most of the lags are statistically

significant, but importantly so, lag t − 5. This implies that rainfall shocks have an effect on the

credit score even five years after. Column (2) shows the effect on the probability of denial of at

least one of the applications of year t. The effect follows very closely the effect on the Bureau

Score. Rainfall shocks increase the probability of denial and this is effect is persistent, since lags

t− 1, t− 2, t− 3 and t− 5 are negative and significant. Importantly, rainfall shocks increase the

22To construct the panel I use only farmers in the Loan Sample. See the Data Appendix for details.
23Note that equation (3) is unconditional on whether the farmer has a loan in year t as opposed to equation (1)

of the previous section.
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probability of loan denial even after five years.

Columns (3) and (4) show the same estimates but restricting the sample to individuals that

applied for a loan in every calendar year in 2010-2015. The results show very similar effects of

rainfall shocks and its lags on the Bureau Score and the probability of denial. This suggests that

selection is not an important concern in this exercise.

An alternative way to study persistence is to consider the sample of loans that are followed

by an application. In the previous section (Section 5.1) I showed that rainfall shocks during

the previous loan decrease the Bureau Score and increase the probability of denial (Table 3).

In Appendix Table A2 I estimate the same regression as in Table 3 but I restrict the sample

depending on the amount of time that elapsed between the end of the loan and the application.

Column (1) and (2) report the effects of rainfall shocks experienced during the loan on the Bureau

Score and the probability of denial in a sample with a time lapse of one year or more. Rainfall

shocks decrease the Bureau Score and increase denial rates. For a time lapse of two years (or more)

and three years (or more) the effect on the Bureau Score is negative and significant (columns (3)

and (5)) but it is not significant on the probability of denial (columns (4) and (6)). Still, the

point estimate is positive and large in the case of column (4). Therefore in this sample the effect

on the Bureau Score can last at least three years. The effect on denial can last at least two years

(although the point estimate of column (4) is imprecisely measured).

Overall, the results of this section show that rainfall shocks have a persistent effect both on

the Bureau Score and on the probability of denial. The estimates from the panel show that these

effects can last at least five years.

6 The Recovery from Weather Shocks

In this section I study the recovery of income and repayment from rainfall shocks. I use data from

the National Agricultural Census (CNA) of 2014 to show that shocks in the year preceding the

harvest have important negative effects on farmer’s income. But shocks that are older than one

year do not have a robust negative effect. It follows that farmer’s income recovers one year after

the shock. Furthermore, I use data on long term loans to measure repayment in a long period of

time and to show that in years four and five after a shock, there is no effect on repayment. This

result implies that repayment has completely recovered when credit scores and credit access are

still down (according to the results of Section 5.2).

6.1 Income Recovery

Excessive rainfall in the year before the harvest affects the productivity of coffee trees, but if

weather returns to normal the next harvest is not affected (Arcila et al., 2007; Gast et al., 2013).

This suggests that the effect of weather variability on agricultural income should die out quickly,
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as long as shocks are not catastrophic.

I test this idea using data from the CNA which contains information on quantities produced

in the harvest of 2013 by the universe of farms in the country. For interpretation purposes, I use a

price of 3,730 pesos per kilo of coffee to obtain a measure of income from coffee production.24 In

the Data Appendix, I describe in detail the cleaning of the data. My estimation sample consists of

about 175,000 farms that produced coffee in the harvest of 2013. As before, I restrict the sample

to small and medium farms (farm size up to 10 hectares). Appendix Table A3 shows summary

statistics of the census sample of coffee farms. The average farm is 2.5 hectares and the average

distance to the rainfall station is 6.5 kilometers. Both numbers are similar to those of the SICA

farms linked to the BAC loan data of the previous sections. Mean income from coffee production

in the harvest of 2013 was 3.9 millions of pesos (or about 2,090 US$ at the average daily exchange

rate of 2013).

I estimate by OLS the following equation:

rijt = α0 +

12∑
k= −4

αt−ks(t−k)j + z′iρ+ φd + uijt (4)

where rijt is farm’s i coffee income (in millions of pesos) obtained from 2013’s harvest. As before,

j denotes rainfall stations. Equation (4) uses shocks at the quarter level denoted by t.25 The

variable of interest are dummies equal to 1 if the corresponding quarter had a rainfall shock. The

first lag (t − 1) corresponds to the last quarter of 2012 and the summation spans three years of

lags (from 2012-q4 to 2010-q1) and one year of leads (2013-q2 to 2014-q1).26 α0 is a constant

term and zi is a vector of controls at the farm level. Finally, φd denote department fixed effect

and eijk is a mean zero error term.27 In this case the identification assumption requires uijt to be

uncorrelated the s(t−k)j variables. This condition is stronger than the assumption in equation (2)

since it requires the shock terms to be uncorrelated with the error term in the cross section. Below

I show that the results do not change importantly with the set of controls which gives support to

the assumption. Furthermore, the inclusion of leads in equation (4) constitutes a placebo test of

the plausibility of the assumption.

In the baseline exercises, zi includes farm size and different characteristics of the household

24The FNC regulates the minimum price for “parchment” coffee (dried coffee) sold by farmers in Colombia. This
price follows closely the international price and is the same across the country. I take the simple average of the
daily price in 2013 to obtain the price of 3,730 pesos per kilo.

25In regressions not reported in the paper, when I aggregate quarterly shocks to the yearly level I find no effects
on income. This is perhaps due to noisier estimations as a result of the aggregation.

26For example sjt−4 is a dummy equal to 1 if there was a rainfall shock in station j in quarter t − 4, which
corresponds to 2012-q1.

27The department is the largest administrative unit in Colombia. I follow Muñoz-Mora (2016) who controls for
coffee region fixed effects in some of his estimations. There are four coffee regions in Colombia with broadly similar
characteristics, like altitude and soil quality, that affect coffee production. In Muñoz-Mora (2016) coffee regions
correspond to groups of departments so the department fixed effects of equation (4) absorb the coffee region fixed
effects.
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of the farm.28 In particular, I use a set of dummies for educational attainment of the household

head, a dummy for households with health insurance, a dummy for households with access to

electricity, sewerage and for whether the household is connected to an aqueduct, a dummy for

households in dwellings with high quality walls, and one for dwellings with high quality floors.29

These controls, although in principle predetermined at the time of the shocks, are arguably less

exogenous than the size of the farm.

Figure 2 plots the estimated coefficients αt−k with 90% confidence intervals. The dashed line

indicates quarter 2013-q1 (the first quarter of the year of the harvest). The figure’s main feature

is that shocks two or three quarters before harvest (lags 2 and 3) have a negative and significant

effect on the level of income. The effect of lag 1 is negative but only marginally significant.30

The effect on income from rainfall shocks is large. The point estimates of lags 2 and 3 are -1.23

and -0.85 respectively. It follows that farms that experienced atypically high rainfall two quarters

before harvest saw their coffee income decrease in 32%. If the shock was experienced three quarters

before harvest, income decreased 22%. The coefficient of lag 4 is positive and significant. Besides

the coefficients of lag 2 to 4 all the other coefficients are close to 0 and not statistically significant.

The only exception is the coefficient of lag 6, which equals -0.56 and is statistically significant.

But this result is not robust to the set of controls as discussed below. Therefore, there are no large

negative effects on income of shocks older than one year (lag 5 onward), so that income recovers

from rainfall shocks in that amount of time. Furthermore, the fact that the estimated coefficients

of the leads are close to 0 and not statistically significant give support to the assumption that

rainfall shocks are exogenous.

Appendix Figure A2 presents the same figure but with a different set of controls. In Panel

A, I include no controls and in Panel B, I control for farm size only. Both graphs are similar to

Figure 2 and the estimated effect of lags 2 and 3 is similar in magnitude. The effect of lag 6 is

close to 0 and non-significant in Panel A.

In conclusion, Figure 2 suggest that shocks in the first year (except if they happen in lag

4) have a negative and significant effect on farmer’s income. This finding is consistent with the

finding of Section 4 that the number of rainfall shocks in the first year of loan tenure increases

the probability of default. Shocks older than one year do not have a negative effect on farmer’s

income. This suggest that income recovers from rainfall shocks. It does so much faster than the

Bureau Score or than credit access, which are affected at least for five years.

28There are farms with many households. See the Data Appendix for details on how I handle this issue.
29Floor and wall quality are used frequently as proxies of household wealth.
30The p-value is 0.106.
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6.2 Repayment Recovery

In this section I study repayment recovery. Answering if a farmer would have repaid a loan he

was denied because of rainfall shocks is hard. As documented previously, rainfall shocks cause

on average higher rates of denial of posterior loan applications so the sample of farmers who get

their next loan approved is selected. Furthermore, I do not observe repayment of farmer’s who

are denied a loan, which is a quantity that does not exist. To get around the problem, I proxy

the evolution of repayment in a long period of time using long term loans (of maturities of at

least five years). Then I estimate the effect of shocks in the first year on repayment at subsequent

years. I find that shocks increase the probability of default in years 2 and 3 but that the effect

decreases in year 4 and dies out in year 5. This implies that repayment has fully recovered five

years after the shock.

To obtain the sample of these exercises, I start with the Loan Sample of Section 4 and keep

only loans with maturities of five years or more. Long term loans are used mostly to plant new

coffee trees of better varieties. In general, a farmer has many plots with different characteristics

within the same farm. Although the plots associated to the long term loan are used to plant new

coffee trees (which take at least two years to produce coffee) the farmer can pay the loan with

income from the other plots. Therefore, it is sensible to assume that repayment of the long term

loan reflects repayment ability coming from the the whole farm and not only from the plots with

new trees. Appendix Table A4 presents summary statistics of farms linked to long term loans.

The median number of plots is 3 and the median age is 4.5 years. To make sure that the farm

has many plots and that income is generated even if some of the plots only have new trees, in the

baseline exercises of this section I restrict the sample to farms with plots and mean age above the

median.31 In the resulting sample I estimate by OLS:

ykijτ = βknjτ + x′jτγ + ψτ + ιj + νkijτ (5)

As before, i indexes loans, τ indexes quarter of origination, and j rainfall stations. ykijτ measures

repayment at different years of the loan cycle (given by k). I estimate equation 5 separately for

k ∈ {1, 2, 3, 4, 5}. For example, in the case k = 3, the outcome is y3ijτ , a dummy equal to 1

for loans that were overdue in 30 days or more in their third year. Equation (5) is identical to

equation (1) of Section 4 but the outcome depends on the year the loan was overdue. njτ is the

number of shocks in the first year after the loan was disbursed. ψτ are quarter-of-disbursement

fixed effects, δj are rainfall station fixed effects and νkijτ is a mean-zero error term. I cluster

errors at the rainfall station level.

Some of the loans in the estimation sample were restructured and the rights to some delin-

quent loans were purchased by the government through the Fondo de Solidaridad Agropecuario

31In the Appendix I report results without these restriction on the sample.
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(FONSA) [Fund for Agricultural Solidarity].32 For both restructured and FONSA loans I don’t

observe future repayment. Therefore, I estimate equation (5) in three different ways. First, I

ignore the problem and estimate the equation on the complete sample. Second, I control for loans

with a dummy equal to one for restructured or FONSA loans. Finally, I drop restructured and

FONSA loans. It is possible that rainfall shocks cause loans to be restructured or purchased by

FONSA. Table A5 shows results of estimating equation (5) using as outcome a dummy for loans

that were restructured and a dummy for loans that were purchased by FONSA. I find no effect

of shocks on these variables which suggests that selection into restructuring or FONSA is not a

concern.

Table 5 shows statistics of the paths of the loans in terms of the years with overdues. Columns

(1) and (2) show the number and the frequency of loans in each path of the estimation sample

of this section. There are 24,513 loans of which 83% were never overdue and 3,932 (16.5%) were

overdue in at least one year. Of these, 256 (about 1%) followed path #24 with overdues only in

year 2. Path #24 is consistent with repayment recovery in the sense that its loans were overdue

at some point in time but were not at the end (in year 5).33 There are seven paths (denoted with

an even number in the table, except for #32) that are consistent with repayment recovery. These

paths account for 7.9% of the total number of loans and for 48% of the loans that were overdue

at some point. Therefore, among overdue loans, at least half follow a path that is consistent

with repayment recovery. Although the number of loans in recovery paths falls if I omit from the

sample restructured and FONSA loans (columns (3) and (4)) the number is still large (5.2% of

the total number of loans and 48% of overdue loans). Columns (5) to (8) contain information for

the complete sample of long term loans (that is, without the restriction on the number of plots

and the age of the farm). Again, the number of loans in recovery paths is large.

Figure 3 plots the estimated coefficients βk of equation (5) separately for k ∈ {1, 2, 3, 4, 5}. The

first graph of the figure shows the estimated βk in the baseline sample along with 10% confidence

intervals. There is no effect in year one which is expected since long term loans have a grace

period. Then, the effect increases for year 2 and peaks at year 3 and decreases for years 4 and

5. In year 5 the point estimate is close to 0. The evolution of the effect of the shock shows that

repayment recovers in years 4 and 5 from a rainfall shocks in year 1. The second graph presents

results but controlling with a dummy for loans that were either purchased or bought by FONSA.

The results are practically unchanged. The effect follows a similar pattern if I drop loans that

were restructured or bought by FONSA (the third graph of the figure), although in this case the

32Loan restructuring occurs when the bank agrees with the client to start a new obligation that gathers previous
obligations. Most frequently the new obligation has different conditions than the previous one (for example a dif-
ferent payment schedule). Loan restructuring alternatives are sometimes offered to overdue clients or who manifest
that they cannot pay. Out of 105,229 observations in the sample of long term loans, 10,552 were restructured or
purchased by FONSA. This represents about 10% of the loans.

33I omit from the table paths 1 to 16 that start with an overdue in year 1. Only 87 loans correspond to these
paths since the vast majority of long term loans have a grace period in the first year.
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estimate of β3 is only marginally significant at the 10% level. In Appendix Figure A3 I present

as a robustness exercise the evolution of βk but obtained from estimating equation (5) with the

whole sample of long term loans. The results of the figure are similar to those of Figure 3. Again,

in all three cases (that is, independently of how I control for restructured and FONSA loans),

shocks have an effect at the beginning of the loan tenure but no effect in year 5. In the third

graph though, the effect does not peak at year 3, instead the point estimate is similar for years 2

to 4.

In sum, results of Section 6.1 and Section 6.2 imply that income and repayment recover faster

from rainfall shocks than credit scores and credit access. Recall from Section 5.2 that rainfall

shocks have a negative effect on the Bureau Score and in access to credit even after five years of

the shock. Since income recovers after one year of the shock, the effect on scores and credit access

outlasts by far the effect on income. Also, repayment has started to recover in year 4 and has

fully recovered in year 5 after the shock. At that point in time, credit scores and credit access of

farmers who experienced rainfall shocks are still down. This implies that farmers who can repay

a loan are denied credit.

7 Conclusion

This paper documented that excessive rainfall shocks affect coffee farmers’ repayment, credit

scores, and future access to credit. Furthermore, it showed that income and repayment recover

faster from shocks than credit access. These results imply costs both to the farmer and to the

lender and show that the interplay of weather variability and credit scores can exclude profitable

farmers (who can repay a loan) from credit markets.

Two concerns remain. First, this study considers a single bank and a single agricultural

product, coffee. Still, it is likely that the mechanisms described in the paper are in place in other

settings for the following reasons. First, weather variability is an important source of default of

farmer loans, irrespective of the agricultural product.34 Second, it is likely that after weather

returns to normal, the productivity of the crop also does. Third, there are banks and micro-

finance institutions in other countries lending to farmers and consulting their credit histories in

credit bureaus.35 Also, since the late ’90s there has been a return of Public Development Banks.

A survey of 90 of these banks in 61 countries conducted in 2011 by the World Bank revealed

that 92 percent target small and medium enterprises, and 83 percent target agricultural business

(de Luna-Mart́ınez and Vicente, 2012). Additionally, there is a consensus among policy makers

34As mentioned in the introduction, Chirwa (1997) and Acquah and Addo (2011) find correlations between
repayment and farmer’s income, which is in turn affected by weather. Furthermore, in a survey conducted by the
Sociedad de Agricultores de Colombia (SAC) [Society of Colombian Farmers] in 2019, 60% of farmers who had
trouble paying their outstanding loans mentioned adverse weather events as one of the causes (SAC, 2019). The
survey considers farmers of 16 different agricultural products.

35See for example de Janvry et al. (2010) and Giné et al. (2012).
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that Public Development Banks should be regulated as private banks (de Olloqui, 2013). This

usually implies maintaining and reporting credit histories of bank clients to credit bureaus and

financial authorities. Therefore, it is likely that the mechanisms documented in this paper are

relevant for other Public Development Banks.

Second, what are good candidates for policy responses to the problems above? First credit

scores could incorporate information on exogenous shocks. Second, if farmers had access to index

insurance, the problems could be mitigated. Still, large markets of rainfall index insurance are

rare and to my knowledge no credit scoring models uses information on exogenous shocks. As

discussed previously it is likely that the lack of reliable weather information is behind this problem.
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Figure 1: Covariate Balance Test

Notes: This figure displays estimates of the effect of rainfall shocks on predetermined covariates at the loan level
along with 10% confidence intervals. Each estimate corresponds to the covariate listed in the horizontal axis. For
the definition of each covariate see the main text or the Data Appendix. Both the outcome and the rainfall shocks
variables are standarized (by subtracting the sample mean and dividing by the sample standard deviation) before
estimating equation (1) using as outcome the variable listed in the horizontal axis.
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Figure 2: Income Recovery
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Notes: This figure displays the effect of rainfall shocks on income from coffee production of 2013’s harvest. All
coefficients are obtained from estimating the same regression, equation (4) in the text. Each dot shows the estimated
coefficient of a different lag of a rainfall shock. The lag is given by k in the horizontal axis and corresponds to
a calendar quarter. The dashed line indicates lag 0 (2013-q1). Positive values of k correspond to leads and
negative values correspond to lags. The vertical lines represent 10% confidence intervals. Income is measured in
millions of pesos. The regression includes as controls: department fixed effects, farm size, a set of dummies for
educational attainment of the household head, a dummy for households in dwellings with health insurance, dummies
for households connected to electricity, sewerage, aqueduct, and dummies for households with high quality walls
and high quality floors.

Figure 3: Repayment Recovery
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Notes: This figure displays the effect of rainfall shocks on repayment at subsequent years. Each coefficient is
obtained from a different estimation of equation (5), depending on the year of the default outcome in the horizontal
axis. For example, the outcome used to obtain the coefficient above label “2” is a dummy equal to one if the loan
was overdue (in 30 days or more) during year 2 of the loan tenure. The variable of interest is the number of rainfall
shocks in year 1 of the loan tenure (variable Shocks in Table 2). All regression include controls listed in Panels A
and B of Table 1. Vertical lines represent 10% confidence intervals. The sample of loans includes only long term
loans (of maturities of at least five years) and linked to farms with three or more plots and with coffee trees aged
4.5 years or more on average. Panel A includes no controls for restructured loans or loans that were purchased by
FONSA. Panel B includes a dummy for loans that were either restructured or purchased by FONSA. Panel C drops
restructured loans or loans purchased by FONSA.
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Table 1: Summary Statistics

A. Loan Characteristics

Mean St. Dev. Min Pct. 25 Median Pct. 75 Max

Loan Size 3.36 2.42 0.00 1.55 2.58 4.74 28.92

Interest Rate 10.34 2.50 2.00 9.13 10.28 11.66 43.98

Maturity 3.31 2.62 0 1 2 6 30

Loan Line 1 0.55 0.50 0 0 1 1 1

Loan Line 2 0.22 0.42 0 0 0 0 1

Loan Line 3 0.16 0.36 0 0 0 0 1

Loan Line 4 0.06 0.23 0 0 0 0 1

Special Programs 0.09 0.28 0 0 0 0 1

Agricultural Loan 0.98 0.15 0 1 1 1 1

B. Farm Characteristics

Size (ha) 2.84 2.22 0 1.1 2.1 4 10

Coffee Area (ha) 1.56 1.20 0.00 0.70 1.20 2.03 10.00

Age 6.50 5.50 0.00 3.37 5.10 7.82 79.75

Caturra (frac.) 0.59 0.41 0 0 0.7 1 1

Density 5.05 1.13 0.00 4.35 5.01 5.63 47.58

Shade (frac.) 0.12 0.27 0 0 0 0 1

C. Loan Outcomes

Overdue 30 0.15 0.35 0 0 0 0 1

Overdue 60 0.11 0.31 0 0 0 0 1

L. Score Fell 0.18 0.39 0 0 0 0 1

L. Score Fell to E 0.09 0.29 0 0 0 0 1

D. Rainfall Variables

Distance (km) 6.37 3.76 0.02 3.80 5.86 8.18 40.81

Shocks (njτ ) 1.47 1.13 0 1 1 2 4

Shocks (p. 90) 0.94 0.95 0 0 1 2 4

Shocks ≥ 2 0.46 0.50 0 0 0 1 1

E. Application Outcomes

Applied 0.69 0.46 0 0 1 1 1

Time Lapse 1.25 1.14 0.08 0.25 1.00 1.75 7.00

Bureau Score 934.97 107.25 11.00 929.00 964.00 983.00 1,000

Denial 0.10 0.30 0 0 0 0 1

Notes: This table displays summary statistics of the main estimation samples, the Loan Sample and the Application
Sample. The Loan Sample consists of coffee loans disbursed to coffee farmers by the BAC in the period 2005-2011
and linked to a rainfall station. The Application Sample consists of loan applications preceded by a loan disbursed
in 2008-2011. Panel A presents summary statistics of loan characteristics. The Loan Line denotes a group of loans
with similar characteristics (interest rate for example) and the loan line variables are the corresponding dummies.
Panel B presents statistics of the farm linked to the loan. Panel C presents statistics of loan outcomes. Panel
D presents statistics of rainfall shocks of the closest rainfall station to the farm. Panel E presents statistics of
application outcomes. See the main text and the Data Appendix for definitions of the variables and details on the
construction of the samples.
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Table 2: Effect on Current Loan Outcomes

A. Repayment

30 Days 60 Days Distance Matu. Matu.

Overdue Overdue < p. 75 ≤ 3 > 3

(1) (2) (3) (4) (5) (6) (7)

Shocks 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗ 0.003

(0.001) (0.001) (0.002) (0.001) (0.002)

Shocks (p. 90) 0.004∗∗

(0.002)

Shocks ≥ 2 0.009∗∗∗

(0.003)

Mean 0.152 0.152 0.152 0.113 0.146 0.104 0.212

Date - Mat. FE Y Y Y Y Y N N

Date FE Y Y Y Y Y Y Y

Observations 242,332 242,332 242,332 242,332 182,172 134,064 108,268

Adjusted R2 0.083 0.083 0.083 0.076 0.076 0.048 0.077

B. Loan Score

Score Score Distance Matu. Matu.

Fell Fell to E < p. 75 ≤ 3 > 3

(1) (2) (3) (4) (5) (6) (7)

Shocks 0.006∗∗∗ 0.003∗∗ 0.007∗∗∗ 0.006∗∗∗ 0.006∗∗

(0.002) (0.001) (0.002) (0.002) (0.002)

Shocks (p. 90) 0.004∗∗

(0.002)

Shocks ≥ 2 0.013∗∗∗

(0.003)

Mean 0.2 0.2 0.2 0.107 0.195 0.127 0.291

Date - Mat. FE Y Y Y Y Y N N

Date FE Y Y Y Y Y Y Y

Observations 242,332 242,332 242,332 242,332 182,172 134,064 108,268

Adjusted R2 0.104 0.104 0.104 0.077 0.098 0.050 0.062

Notes: This table displays estimates of the effect of rainfall shocks on current loan outcomes (equation (1) in the
text). The sample consists of loans for coffee production disbursed by the BAC in 2005-2011 to coffee farmers and
linked to a rainfall station. Each coefficient corresponds to a different regression. The rainfall shock measure is
listed at the left of each line: Shocks is the number of shocks in the first year of the loan, using the 80th percentile
of the calendar quarter distribution of rainfall to define shocks. Shocks (p. 90) uses the 90th percentile to define
shocks. Shocks ≥ 2 is a dummy equal to 1 if Shocks is greater or equal to 2. In all columns of Panel A (except in
column (2)), the outcome is a dummy equal to one for loans that were 30 days past due. The outcome of column
(6) is a dummy for 60 days past due. Column (5) includes only loans of farms with a distance to the rainfall station
below the 75th percentile of the baseline sample. Column (6) considers only loans with maturity ≤ 3 years and
column (7) considers loans with maturity > 3. In all columns of Panel B (except in column (4)) the outcome is a
dummy equal to one for loans with a Loan Score that fell. In column (4) the outcome is a dummy for loans with a
Loan Score that fell to E, the lowest possible. All regression include controls listed in Panels A and B of Table 1.
Standard errors clustered at the rainfall station level are reported in parentheses.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
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Table 3: Effect on Future Access to Credit

Applied
Initial Loan Bureau

Denial
Overdue Score

(1) (2) (3) (4)

Shocks −0.008 0.015∗∗∗ −3.036∗∗∗ 0.008∗∗

(0.005) (0.004) (1.089) (0.003)

Outcome mean 0.676 0.143 932 0.107

Observations 41,425 26,569 26,176 26,569

Adjusted R2 0.152 0.126 0.073 0.047

Notes: This table displays estimates of the effect of rainfall shocks on application outcomes. The application sample
consists of applications preceded by a loan disbursed in 2008-2011. Shocks, the variable of interest, is the number
of shocks in the first year of the initial loan. The outcome of column (1) is a dummy for individuals who applied
for a new loan after, after the end of the initial loan. The outcome of column (2) is a dummy for initial loans that
entered into a period of 30 days past due. The outcome of column (3) is the application’s Bureau Score and the
outcome of column (4) is a dummy indicating denied applications. All regression include controls, listed in Panels
A and B of Table 1. Standard errors clustered at the rainfall station level are reported in parentheses.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
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Table 4: Effect Persistence

Two Years in Sample All Years in Sample

Score Denial Score Denial

(1) (2) (3) (4)

Shocks, t −1.083 0.002∗ −0.383 0.004∗

(0.783) (0.001) (1.172) (0.002)

Shocks, t-1 −2.263∗∗ 0.005∗∗∗ −3.077∗∗∗ 0.009∗∗∗

(0.893) (0.002) (1.138) (0.002)

Shocks, t-2 −2.893∗∗∗ 0.006∗∗∗ −2.901∗∗∗ 0.007∗∗∗

(0.787) (0.001) (1.075) (0.002)

Shocks, t-3 −2.045∗∗∗ 0.004∗∗∗ −2.227∗∗ 0.005∗∗

(0.769) (0.001) (0.953) (0.002)

Shocks, t-4 −1.222 0.001 −0.957 0.002

(0.787) (0.001) (1.059) (0.002)

Shocks, t-5 −1.212∗ 0.002∗ −2.133∗ 0.003∗

(0.702) (0.001) (1.201) (0.002)

Observations 235,965 242,188 16,710 16,710

Adjusted R2 0.301 0.229 0.345 0.210

Notes: This table displays estimates of the effect of the lags of rainfall shocks (equation (3) in the text) on the
Bureau Score and the denial of loan applications. Each column corresponds to one regression that includes all the
lags of the Shocks variable. The sample consists of individuals in the application data who applied for a loan in at
least two years in 2010-2015 (columns (1) and (2)) and who applied in all years in 2010-2015 (columns (3) and (4)).
The outcome of columns (1) and (3) is the average Bureau Score of all the applications of the individual in year t.
The outcome of columns (2) and (6) is a dummy equal to one if any of the applications in year t was denied. All
regressions include individual fixed effects. Standard errors clustered at the rainfall station level are reported in
parentheses.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
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Table 5: Long Term Loans Repayment Paths

Baseline
Baseline

All Farms
All Farms

(no R. no F.) (no R. no F.)

# freq # freq. # freq. # freq.

path y1 y2 y3 y4 y5 (1) (2) (3) (4) (5) (6) (7) (8)

17: 0 - 1 - 1 - 1 - 1 127 0.005 89 0.004 597 0.006 446 0.005

18: 0 - 1 - 1 - 1 - 0 72 0.003 18 0.001 381 0.004 113 0.001

19: 0 - 1 - 1 - 0 - 1 8 0 6 0 19 0 12 0

20: 0 - 1 - 1 - 0 - 0 73 0.003 34 0.002 232 0.002 114 0.001

21: 0 - 1 - 0 - 1 - 1 17 0.001 9 0 81 0.001 39 0

22: 0 - 1 - 0 - 1 - 0 28 0.001 9 0 103 0.001 42 0

23: 0 - 1 - 0 - 0 - 1 20 0.001 11 0.001 69 0.001 33 0

24: 0 - 1 - 0 - 0 - 0 256 0.01 161 0.007 928 0.009 625 0.007

25: 0 - 0 - 1 - 1 - 1 203 0.008 111 0.005 933 0.009 542 0.006

26: 0 - 0 - 1 - 1 - 0 218 0.009 69 0.003 970 0.009 306 0.003

27: 0 - 0 - 1 - 0 - 1 29 0.001 16 0.001 116 0.001 83 0.001

28: 0 - 0 - 1 - 0 - 0 415 0.017 210 0.01 1423 0.014 745 0.008

29: 0 - 0 - 0 - 1 - 1 759 0.031 392 0.018 4273 0.041 2281 0.024

30: 0 - 0 - 0 - 1 - 0 893 0.036 629 0.029 4432 0.042 3317 0.035

31: 0 - 0 - 0 - 0 - 1 941 0.038 600 0.027 4204 0.04 2806 0.03

32: 0 - 0 - 0 - 0 - 0 20367 0.831 19475 0.89 86111 0.818 82962 0.876

Total loans 24513 21892 105229 94677

Ovd. loans recov. 1955 7.9% 1130 5.2% 8469 8.1% 5262 5.5%

Ovd. loans non-recov. 2104 8.5% 1234 5.6% 10292 9.9% 6242 6.6%

Loans never overdue 20367 83.1% 19475 89.0% 86111 81.8% 82962 87.6%

Notes: This table shows the distribution of long term loans across repayment paths. A path is defined by a
combination of default outcomes in years 1 to 5. Each line corresponds to one of the 32 possible paths. For
example, path 26 corresponds to loans that were overdue (in 30 days or more) in years 3 and 4 and not overdue in
years 1, 2 and 5. Paths 1 to 16 start with an overdue in year 1 and are omitted from the table. The table presents
the number of loans in each path and the corresponding frequency of four different samples: the baseline sample
(long term loans of maturities of at least five years and linked to farms with three or more plots and with coffee
trees aged 4.5 years or more on average), the baseline sample excluding restructured loans or loans purchased by
FONSA, the sample of all loans of at least five year maturities and the sample of long term loans but excluding
restructured or purchased by FONSA loans. Line Total loans reports the total number of loans in each sample.
Line “Overdue loans recovery” reports the number and frequency of loans in a recovery path (not overdue in year
5 and overdue in at least one of years 2, 3 and 4). Line “Overdue loans non-recovery” reports the number and
frequency of loans that were overdue but not in a recovery path (overdue in year 5). Line Loans never overdue
report the number of loans that were never overdue.
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Appendix for Online Publication

A. Appendix Figures and Tables

Figure A1: Coffee Farms and Rainfall Stations in Colombia

 

               A. SICA farms 2010-2013                                                              B. Rainfall Stations (close to a coffee farm) 

Notes: This figure shows the distribution of SICA farms (Panel A) and of IDEAM rainfall stations (Panel B) in
Colombia. Panel A includes farms that appear in the SICA data in years 2010-2013. A rainfall station is included
in Panel B if it is the closest rainfall station to at least one SICA farm of Panel A.
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Figure A2: Income Recovery, Robustness
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Panel A: No Controls
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Panel B: Control for Farm Size

Notes: This figure displays the effect of rainfall shocks on income from coffee production of 2013’s harvest. The
figure is analogous to Figure 2 but with different sets of controls. Panel A does not include controls and Panel B
includes farm size only. In each panel, all coefficients are obtained from estimating the same regression, equation
(4) in the text. Each dot shows the estimated coefficient of a different lag of a rainfall shock. The lag is given by
k in the horizontal axis and corresponds to a calendar quarter. The dashed line indicates lag 0 (2013-q1). Positive
values of k correspond to leads and negative values correspond to lags. The vertical lines represent 10% confidence
intervals. Income is measured in millions of pesos. The regression includes as controls: department fixed effects,
farm size, a set of dummies for educational attainment of the household head, a dummy for households with health
insurance, dummies for households connected to electricity, sewerage, aqueduct, and dummies for households in
dwellings with high quality walls and high quality floors.
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Figure A3: Repayment Recovery, All Long Term Loans
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2. Controls for Fonsa & Restructured Loans

Panel A: Four Plot Farms
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Panel B: Four Mature Plot Farms
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2. Controls for Fonsa & Restructured Loans

Panel C: All Farms
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3. Fonsa & Restructured Loans Dropped
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Notes: This figure displays the effect of rainfall shocks on repayment at subsequent years. The Figure is analogous
to Figure 3 in the text but it includes all long term loans (maturities of five years or more). Each coefficient is
obtained from a different estimation of equation (5), depending on the year of the default outcome in the horizontal
axis. For example, the outcome used to obtain the coefficient above label “2” is a dummy equal to one if the loan
was overdue (in 30 days or more) during year 2 of the loan tenure. The variable of interest is the number of rainfall
shocks in year 1 of the loan tenure (variable Shocks in Table 2). All regression include controls listed in Panels A
and B of Table 1. Vertical lines represent 10% confidence intervals. The sample of loans includes all long term loans
(loans of maturities of at least five years). Panel A includes no controls for restructured loans or loans that were
purchased by FONSA. Panel B includes a dummy for loans that were either restructured or purchased by FONSA.
Panel C drops restructured loans or loans purchased by FONSA.
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Table A1: Effect on Repayment Current Loan Outcomes, No Controls

A. Repayment

30 Days 60 Days Distance Matu. Matu.

Overdue Overdue < p. 75 ≤ 3 > 3

(1) (2) (3) (4) (5) (6) (7)

Shocks 0.004∗∗ 0.003∗∗ 0.004∗∗ 0.004∗∗∗ 0.002

(0.002) (0.001) (0.002) (0.001) (0.003)

Shocks (p. 90) 0.004∗∗

(0.002)

Shocks ≥ 2 0.008∗∗

(0.003)

Outcome mean 0.152 0.152 0.152 0.113 0.146 0.104 0.212

Date - Mat. FE Y Y Y Y Y N N

Date FE Y Y Y Y Y Y Y

Observations 249,684 249,684 249,684 249,684 187,886 138,448 111,236

Adjusted R2 0.077 0.077 0.077 0.070 0.070 0.051 0.068

B. Loan Score

Score Score Distance Matu. Matu.

Fell Fell to E < p. 75 ≤ >

(1) (2) (3) (4) (5) (6) (7)

Shocks 0.005∗∗ 0.001 0.005∗∗ 0.003 0.005∗

(0.002) (0.002) (0.002) (0.003) (0.003)

Shocks (p. 90) 0.002

(0.002)

Shocks ≥ 2 0.011∗∗∗

(0.004)

Outcome mean 0.2 0.2 0.2 0.107 0.195 0.127 0.291

Date - Mat. FE Y Y Y Y Y N N

Date FE Y Y Y Y Y Y Y

Observations 249,684 249,684 249,684 249,684 187,886 138,448 111,236

Adjusted R2 0.103 0.103 0.104 0.086 0.099 0.089 0.057

Notes: This table displays estimates of the effect of rainfall shocks on current loan outcomes (equation (1) in the
text). The table is analogous to Table 2 in the text but without controls. Each coefficient corresponds to a different
regression. The sample consists of loans for coffee production disbursed by the BAC in 2005-2011 to coffee farmers
and linked to a rainfall station. The rainfall shock measure is listed at the left of each line: Shocks is the number
of shocks in the first year of the loan, using the 80th percentile of the calendar quarter distribution of rainfall to
define shocks. Shocks (p. 90) uses the 90th percentile to define shocks. Shocks ≥ 2 is a dummy equal to 1 if Shocks
is greater or equal to 2. In all columns of Panel A (except in column (2)), the outcome is a dummy equal to one
for loans that were 30 days past due. The outcome of column (6) is a dummy for 60 days past due. Column (5)
includes only loans of farms with a distance to the rainfall station below the 75th percentile of the baseline sample.
Column (6) considers only loans with maturity ≤ 3 years and column (7) considers loans with maturity > 3. In all
columns of Panel B (except in column (4)) the outcome is a dummy equal to one for loans with a Loan Score that
fell. In column (4) the outcome is a dummy for loans with a Loan Score that fell to E, the lowest score possible.
All regression include controls listed in Panels A and B of Table 1. Standard errors clustered at the rainfall station
level are reported in parentheses. ∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
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Table A2: Persistence of Effect on Future Applications

Time Lapse: 1 Year Time Lapse: 2 Years Time Lapse: 3 Years

Bureau
Denial

Bureau
Denial

Bureau
Denial

Score Score Score

(1) (2) (3) (4) (5) (6)

Shocks −4.539∗∗∗ 0.011∗∗∗ −6.308∗∗ 0.007 −9.211∗∗ 0.001

(1.518) (0.004) (2.708) (0.007) (3.954) (0.011)

Observations 13,633 13,889 6,011 6,106 2,779 2,786

Adjusted R2 0.056 0.048 0.053 0.026 0.013 0.028

Notes: This table displays estimates of the effect of rainfall shocks on application outcomes. It is analogous to Table
3 in the text but different samples are considered depending on the time lapse between the end of the initial loan and
the application. The application sample consists of applications preceded by a loan disbursed in 2008-2011. Shocks,
the variable of interest, is the number of shocks in the first year of the initial loan. Bureau Score is the application’s
Bureau Score and Denial is a dummy indicating denied applications. All regression include controls, listed in Panels
A and B of Table 1. Standard errors clustered at the rainfall station level are reported in parentheses.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
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Table A3: Summary Statistics, Agricultural Census

Mean St. Dev. Min Pct. 25 Median Pct. 75 Max

Distance 6.55 3.80 0.02 3.89 6.07 8.47 71.28

Farm Size 2.51 2.42 0.01 0.61 1.67 3.71 10.00

Health Insurance 0.10 0.30 0 0 0 0 1

Edu. No Degree 0.15 0.36 0 0 0 0 1

Edu. Primary Mid. 0.77 0.42 0 1 1 1 1

Edu. High School 0.06 0.24 0 0 0 0 1

Edu. Technical 0.01 0.10 0 0 0 0 1

Edu. College 0.01 0.10 0 0 0 0 1

Edu. Graduate 0.002 0.04 0 0 0 0 1

Wall Quality 0.85 0.36 0 1 1 1 1

Floor Quality 0.64 0.48 0 0 1 1 1

Aqueduct 0.45 0.50 0 0 0 1 1

Sewerage 0.06 0.24 0 0 0 0 1

Electricity 0.91 0.28 0 1 1 1 1

Coffe Income 3.88 5.61 0 0.3 1.6 5.0 30

Notes: This table displays summary statistics of the agricultural census. The sample consists of farms that cultivated
coffee. Health insurance and education variables correspond to the maximum level across household heads in the
farm. Wall and floor quality are dummies equal to one if the at least one of the dwellings in the farm had high
quality walls or high quality floors. Aqueduct, sewerage and electricity are dummies equal to one if at least one of
the dwelling is connected to the aqueduct, has sewerage service or electricity service. Coffee Income is total income
generated from coffee production in the 2013 harvest. I use a price of 3,730 pesos per kilo of parchment coffee
to convert quantities to income. See the Data Appendix for details on the construction of the sample and of the
variables.
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Table A4: Summary Statistics, Long Term Loans

A. Loan Characteristics

Mean St. Dev. Min Pct. 25 Median Pct. 75 Max

Loan Size 4.76 2.64 0.00 2.89 4.53 6.00 28.92

Interest Rate 9.04 2.58 2.65 7.58 8.77 10.44 17.03

Maturity 6.18 0.93 5 5 7 7 30

B. Farm Characteristics

Size (ha) 3.11 2.30 0.00 1.39 2.50 4.20 10.00

Plots 3.73 2.60 1 2 3 5 29

Coffee Area (ha) 1.60 1.20 0.00 0.76 1.27 2.10 10.00

Age 5.81 5.50 0.00 2.65 4.50 7.03 79.75

Caturra (frac.) 0.53 0.41 0 0 0.5 1 1

Density 5.12 1.09 0.00 4.46 5.10 5.67 47.58

Shade (frac.) 0.11 0.26 0 0 0 0 1

C. Restructured and FONSA

Restructured 0.051 0.22 0 0 0 0 1

FONSA 0.049 0.22 0 0 0 0 1

D. Overdue 30

All Years 0.21 0.41 0 0 0 0 1

Years 1 0.003 0.06 0 0 0 0 1

Year 2 0.02 0.15 0 0 0 0 1

Year 3 0.05 0.21 0 0 0 0 1

Year 4 0.11 0.32 0 0 0 0 1

Year 5 0.10 0.30 0 0 0 0 1

Notes: This table displays summary statistics for the sample of loans of maturities of five years or more. The
variables of Panels A and B are the same as in Table 1. In Panel C, FONSA is a dummy for loans that were
purchased by FONSA and Restructured is a dummy for loans that were restructured. Panel D presents defaults
outcomes. All Years is a dummy equal to one if the loan was 30 days past due at any point. Year 1 is a dummy for
loans that were 30 days past due in year 1 and so on. See the main text and the Data Appendix for definitions of
the variables and details on the construction of the samples.
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Table A5: Effect on Restructuring and FONSA

B. Baseline Sample

Restructured FONSA

(1) (2)

Shocks 0.001 0.001

(0.003) (0.002)

Observations 24,513 24,513

Adjusted R2 0.092 0.046

C. All Farms

Shocks 0.002 0.002

(0.001) (0.001)

Observations 105,229 105,229

Adjusted R2 0.079 0.050

Notes: This table displays the estimated effect of rainfall shocks on the probability of loan restructuring (column
(1)) and on the probability that FONSA purchased the loan (column (2)). In Panel A, the sample consists of long
term loans (of maturities of at least five years) and linked to farms with three or more plots and with coffee trees
aged 4.5 years or more on average. In Panel B, the sample consists of all long term loans. The variable of interest
is the number of rainfall shocks in year 1 of the loan tenure (variable Shocks in Table 2).
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B. Data Appendix

In this appendix I give details on the construction of the different samples in the paper and of

the variables.

B.1 Construction of the Samples

I use five different samples to study the effect of rainfall shocks: 1) the sample of loans to which

I refer as the Loan Sample in the text and that I use mainly in Section 4, 2) The sample of appli-

cations, the Application Sample, used in section 5.1, 3) the individual panel of applications, used

in section 5.2, 4) the sample of coffee farms from the CNA that I use to study income recovery in

section 6.1 and 5) the sample of long term loans that I use to study repayment recovery. In this

section of the Data Appendix, I explain in detail the construction of each one of these samples.

This appendix complements Section 3.1 in the text. In that section I describe the data sources to

which I refer here.

Loan Sample: This sample consists of all the loans for coffee production disbursed by the BAC

in the period of 2005-2011 to coffee farmers. Although I have information on loans disbursed in

2011-2015, to construct loan default outcomes I need to observe repayment behavior in subsequent

years. I restrict the sample to loans disbursed no later than 2011 to observe repayment at least

five years after the loan was disbursed.

To obtain the Loan Sample, first I define a set of coffee farmers using the SICA. I say that

an individual is a coffee farmer if I observe him in the SICA farm data in any of the available

years of that data set (2006-2014). I merge the BAC and the SICA data to obtain a set of loans

disbursed to coffee farmers in 2005-2011. Of the resulting loans, I keep only those of individuals

with a farm in the SICA in the year the loan was disbursed. If I observe multiple farms for the

same person, I assign to the loan the largest farm. Farms are geo-referenced in the SICA. I find

the closest rainfall station to the farm of the loan using the Euclidean distance.

To search for the closest rainfall station, I need to define a sub-set of stations taken from the

universe in the IDEAM data. For each station in the IDEAM, I observe monthly rainfall from

1982 to 2016. But not all rainfall stations have information going back to 1982 and information

is missing in some months. The set of rainfall stations that I use in the paper have at least one

observation in every year in 2006-2012 and at least one observation in 16 different years in 1982-

2012. I also require that information on the latitude and longitude of the station is available.36

The first restriction is helpful since most of the loans in the data start in the period 2006-2012.

The second restriction guarantees that for the selected rainfall stations, information goes back

enough in time, which is necessary to construct a rainfall distribution that reflects long term

36I don’t have geographical coordinates for only one rainfall station in the IDEAM raw data.
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realizations of rainfall. There are 1606 rainfall stations that meet these conditions.

Finally, from set of loans linked to a rainfall station, I keep loans related to coffee production.

There are close to 822,000 coffee farmers ever observed in the SICA in 2006-2014. For them there

are a total of 498,000 loans in the BAC data in the period 2005-2011. Around 302,000 (61%)

correspond to coffee production and close to 274,000 can be linked to a rainfall station. Of these,

250,000 are of small farmers. The final sample has about 242,000 loans with non-missing infor-

mation in all the variables of interest. In the resulting sample there are about 129,000 farmers.

Of the 1,606 selected rainfall stations of the IDEAM, around 1,200 are the closest to at least one

farm of the Loan Sample.

Application Sample: This sample consists of loan applications that follow an initial loan. To

construct this sample, for each individual in the Loan Sample I find the most recent loan from

loans disbursed in 2008-2011. This results in one single loan for each farmer. Then I find the first

application (in the application data of the credit bureau) after the end of the initial loan. For the

date of the end of the loan, I use the date of loan disbursement plus the term of the loan. The

resulting sample consist of a single observation for each coffee farmer.

Individual Level Panel of Applications: This sample is an individual panel at a yearly fre-

quency with information on application outcomes. To construct the panel, I start with the sample

of farmers in the Loan Sample and find all their applications in the credit bureau data that spans

2010-2015. For each individual in each year I average across application to obtain an average

credit bureau score. I also define a dummy equal to one if any of the applications of the individ-

ual was denied. The resulting panel is unbalanced and I keep only farmers that have at least one

observation in two years.

Sample of Coffee Farms from the CNA: This sample is a census of coffee farms surveyed in

2014 by DANE. The unit of observation of the census is the Unidad de Producción Agropecuaria

(UPA) [Unit of Agricultural Production]. An UPA is broadly defined by a plot of land that pro-

duces some agricultural output and that has a unique decision making entity. An UPA can have

many dwellings and a dwelling can have many households. These distinctions are important for

the definitions of the variables below. I keep only UPAs that produced coffee in 2013’s harvest

and of less than 10 hectares. I also require the UPA to have at least one dwelling and at least

one household.37. In the census data there are about 958,000 UPAs with crops. Of these, about

386,000 cultivate coffee and 249,000 have a household and a dwelling. Finally, about 208,000 UPAs

have less than 10 hectares and about 175,000 have no missing values in all the controls variables

that I use in the estimations of the paper. This is my final sample of coffee farms from the CNA.

37I need characteristics of the dwelling and of the household to define controls.
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To obtain rainfall shocks measures, I use the geographical coordinates provided by DANE for each

UPA to find the closest rainfall station from the set of 1606 stations defined above in this appendix.

Sample of Long Term Loans: The sample of long term loans is obtained from restricting the

Loan Sample to loans of terms of five years or more. In the baseline estimations I also require the

farm linked to the loan to have at least three plots and an average age of the coffee trees above

4.5 years.

B.2 Variable Definitions

In this section of the appendix I describe the variables of the different samples. See Table 1 for the

list of variables in the Loan Sample and in the Application Sample and Table A3 for the variables

in the Sample of Coffee Farms from the CNA. The variables in the Sample of Long Term Loans

is the same as in the Loan Sample.

Variables in the Loan Sample

Loan Size and Interest Rate: The total amount of Colombian Pesos disbursed by the BAC and

received by the farmer and the annual interest rate of the loan.

Maturity/Term: The maturity of the loan which is predetermined at the time of loan disburse-

ment. Depending on the repayment behavior of the farmer, it is possible to observe the loan in

the bank data for more or less time than it’s maturity.

Maturity Fixed Effects: In most of the regressions I include quarter-of-disbursement times matu-

rity fixed effects. The distribution of maturity in the Loan Sample is bimodal with modes of one

and five years. The maturity fixed effect is simply a dummy equal to one for loans of maturities

of three years or more.

Loan Lines: Loan lines are broad groups of loans with similar characteristics like interest rate or

maturity. I observe more than ten lines in the data but four lines make up for 99% of the loans

in the sample. These lines are the “Working Capital Line” (Loan Line 1), “Replacement of Old

Coffee Trees” (Loan Line 2), “Investment in New Coffee Trees” (Loan Line 3) and “Investment in

Equipment and Commercialization” (Loan Line 4). I group the remaining loan lines in the same

group. In the baseline regressions (for example in Table 2) I include dummies for each one of the

main four loan lines.

Special Programs: Some of the loans of the bank belong to government programs created to help

farmers. These can be policy responses for example to periods of low prices or adverse weather

conditions. Usually they involve different conditions than normal loans (for example lower inter-
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est rates). The Special Programs dummy takes a value of one if the loan belongs to one of these

programs.

Agricultural: The bank lends for activities other than agriculture. A small fraction of the loans

in the Loan Sample (2%, according to Table 1 are non-agricultural loans). Agricultural is an

indicator dummy for loans that fall in this category.

Quarter-Year of Disbursement : I use the date when the loan was disbursed to define the quarter-

year of disbursement, 2010-q1 for example.

Farm Size: The size (in hectares) of the farm linked to the loan in the year of loan disbursement.

This variable is obtained from the SICA data. If the farmer has multiple farms in the year of loan

disbursement, I take the largest farm.

Coffee Area (hectares): Hectares of the farm cultivated with coffee. The age is available for each

plot of the farm. I add across plots to obtain the coffee area.

Age: Average age of the coffee trees of the farm. I average age across plots.

Fraction with Caturra: Average fraction of the farm cultivated with the Caturra coffee variety.

There are different coffee tree varieties. These differ in terms of productivity, susceptibility to

diseases, etc. I take the average fraction of Caturra across pots.

Density : The number of trees per hectare of the farm.

Fraction with Shade: For each plot of the farm I observe the fraction cultivated along larger trees

(other than coffee) that provide shade to coffee trees. I take the average across plots to obtain

the average fraction of shade of the farm.

Overdue 30 and 60 : dummies equal to one for loans that were past due, at any point in time, for

30 days or more and for 60 days or more.

Loan Score Fell : The bank is required by financial authorities to report to credit bureaus every

month a score for its outstanding loans. This score depends mainly on the repayment behavior of

the customer. The score ranges from A (highest) to E (lowest) and starts in A when the loan is

disbursed. Loan Score Fell is a dummy for loans that had a score different than A (which implies

that the score fell from A) at any point during the loan tenure.

Loan Score Fell to E : A dummy equal to one for loans that had a loan score that fell to the lowest

score possible, E.

Distance: The distance in kilometers to the closes rainfall station in the IDEAM data.

Shocks (njτ ): the number of rainfall shocks in the first year of the loan tenure. To construct this

variable, I start with the monthly data on precipitations from the IDEAM of the closest rainfall

station to the farm linked to the loan. I then add observed monthly rainfall to obtain total rain-
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fall for each quarter-year from 1982 to 2016. This results in about 35 observations (depending

on data availability) for each calendar quarter (q1, q2, q3, q4) and each rainfall station. For

each of the four calendar quarters of the year, I obtain the 80th percentile of realized rainfall in

each station. For each quarter-year and each rainfall station, I define a shock if realized rainfall

was above the 80th percentile of the corresponding calendar-quarter distribution. Note that the

calendar-quarter distribution is specific to the rainfall station and to the calendar-quarter. Shocks

ranges from 0 to 4.

Shocks (p. 90): This variable is analogous to Shocks but I use the 90th percentile of the rainfall

distribution to define rainfall shocks.

Shocks ≥ 2 : A dummy equal to one if Shocks is 2 or more.

Variables in the Application Sample

Applied : A dummy for loans followed by an application in the credit bureau data. To construct

this variable, for each farmer I find the most recent loan disbursed in the period 2008-2011. This

dummy is equal to one if I observe any application in the credit bureau data in the period 2010-

2015 and after the end date of the initial loan. The end date of the loan is the date of disbursement

plus the term of the loan.

Time Lapse: The number of years between the end of the initial loan and the next application in

the credit bureau data.

Bureau Score: The score reported by the credit bureau at the moment of the application.

Denial : A dummy equal to one if the loan application was denied.

Variables in the Individual Level Panel of Applications:

Bureau Score: The individual level panel is a yearly panel. In this sample, the bureau score is

the average of the bureau score across the applications of the individual in the corresponding year.

Denial : A dummy equal to one if any of the applications in the year was denied.

Variables in the Sample of Coffee Farms from the CNA:

Distance: Each UPA in the CNA census data is georeferenced. Distance is the distance in kilo-

meters to the closest rainfall station in the IDEAM data.

Farm Size: The total size of the UPA in hectares.

Health Insurance: As describe before in the Data Appendix, an UPA can have multiple dwellings
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and households. Health Insurance is a dummy equal to one if the at least one household head is

affiliated to any type of health insurance.

Education Dummies: Among household heads of the UPA I find the one with the highest level

of education. Then I create a set of dummies to indicate the education level of this household

head. The categories are: no degree, primary and middle school, high school, technical education,

college and graduate studies.

Wall Quality : A dummy equal to one if at least one of the dwellings of the household has high

quality walls. I say that a dwelling has high quality walls if the walls are made mainly of the

following construction materials: concrete block, bricks, stone, polished wood, “tapia pisada”,

adobe, or “bahareque”.

Floor Quality : A dummy equal to one if at least one of the dwellings of the household has high

quality floors. I say that a dwelling has high quality floors if the floors are made mainly of the

following construction materials: carpet, marble, parquetry, polished wood, tiles, brick, ceramic,

concrete or gravel.

Aqueduct : A dummy equal to one if at least one of the dwellings of the UPA is connected to an

aqueduct.

Sewerage: A dummy equal to one if at least one of the dwellings of the UPA is connected to a

sewerage system.

Electricity : A dummy equal to one if at least one of the dwellings of the UPA is connected to an

electricity grid.

Coffee Income: Total income generated from coffee production. It is the total quantity (in kilos)

of coffee produced by the UPA in the 2013 harvest multiplied by a price of 3,730 pesos.
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