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Abstract 

Economic risks of many sorts are prevalent in developing countries. In this 

dissertation I exploit rainfall variation, a particularly prominent form of risk, to study 

three related topics in development economics. Because many households in developing 

countries still depend in large part on agriculture for their livelihood, variation in 

rainfall provides a natural experiment to study topics related to local economic shocks. 

In the first chapter, I provide evidence on how economic shocks that occur 

during school age can have long-term negative consequences on adult well-being. Using 

data from a large household survey in Indonesia, I link a sample of adults to rainfall that 

they experienced many years ago during school age. I find that both low and high levels 

of rainfall during school age lead to permanent decreases in completed schooling and 

adult earnings. I then provide evidence on the mechanisms behind these results, 

showing that the impact of low rainfall is driven by an income effect, whereas the 

impact of high rainfall is driven by a labor substitution effect. 

In the second chapter, I use rainfall variation as an instrumental variable for 

school attainment in order to provide a new estimate for the returns to schooling in a 

developing setting. In chapter one I showed that both low and high rainfall during 

school age lead to permanently decreased schooling and earnings. In chapter two, I link 

these findings by estimating the implied returns to schooling. The instrumental variables 
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estimation yields a 25 percent return per year of additional schooling. A serious concern, 

though, is that the exclusion restriction may not hold. In other words, rainfall may affect 

earnings through channels other than years of schooling. Thus, in this chapter I also 

employ a novel method to account for violation of the exclusion restriction, which leads 

to a substantially different estimate of the returns to schooling. 

Finally, in the third chapter I study whether a large microfinance initiative in 

Thailand was able to help households cope with the effects of rainfall variation. Much of 

the previous microfinance literature has focused on its potential to aid household 

business entrepreneurship. Another potential benefit is that it could help households 

cope with economic shocks if they are able to borrow in response. Using household-level 

data from 7 rounds of a panel survey in rural Thailand, I find that consumption levels 

strongly decrease in response to low rainfall. However, at the average level of borrowing 

from the microfinance program, the negative impact on consumption is completely 

mitigated. Furthermore, I show these findings do not seem to be driven by changes in 

household composition, changes in prices of consumption goods, or household attrition 

from the survey.
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1. Long-run impacts of rainfall during school age  

Many households in developing countries still depend on agriculture for their 

livelihood, a line of work prone to large variation in productivity from forces such as 

weather phenomena. The impact of variation in productivity on investment — including 

human capital — is theoretically ambiguous. As productivity increases households can 

earn more income, which is then available to spend on a child’s education, but 

concurrently the opportunity cost of school rises and children may be more likely to 

work. Depending on the relative strength of the income versus labor substitution effects, 

both negative and positive productivity shocks have the potential to lower schooling 

attainment. The impact of productivity shocks on human capital investment is thus a 

highly relevant empirical question with potentially important implications for economic 

growth. 

Several studies have examined cases of productivity shocks in which the income 

effect dominates, and households for instance suspend or curtail a child’s education to 

save on schooling costs when output is low (Jacoby and Skoufias 1997; Jensen 2000; 

Thomas et al 2004; Duryea, Lam, and Levison 2007; Beegle, Dehejia, and Gatti 2006). A 

few authors have documented instances in which the labor substitution effect is 

stronger, such that children work instead of attending school in response to increased 

economic opportunities (Kruger 2007; Duryea and Arends-Kuenning 2003). However, 
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previous work has looked only at short-run effects, while this study is potentially the 

first to document that productivity shocks during school age can have long-run impacts 

on completed schooling and adult income. This distinction is important. The negative 

short-run impacts could merely reflect inter-temporal substitution, and individuals 

eventually catch up over time. On the other hand, if negative long-run effects exist, there 

are clear consequences for individual well-being and even a nation’s economic 

development. 

Moreover, the effects need not be monotonic — a given society can 

simultaneously experience a harmful impact on schooling from both negative and 

positive productivity shocks, a surprising and counter-intuitive possibility this study 

empirically confirms. That is, the same individuals reduce schooling investment when 

productivity is relatively low (compared to the norm) and also when it is relatively high 

— a “double burden” of productivity variance that can have a particularly harmful 

effect on economic growth. This is especially worrisome given scientific evidence that 

weather variance is increasing with climate change (Meehl et al 2007). 

The scenario of a “double burden” is theoretically possible if the income and 

substitution effects dominate at different ends of the productivity spectrum. In brief, this 

situation can arise if at low levels of productivity households find it especially difficult 

to pay for a child’s schooling, or if at high levels of productivity the demand for child 
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labor is especially strong. This is explored in more depth in the discussion section at the 

end of the paper, where I introduce a simple theoretical framework and highlight 

empirical patterns consistent with the framework. 

To study long-run impacts I obtain data on individual-level outcomes from the 

third wave of the Indonesian Family Life Survey (IFLS) and combine this with data on 

historical rainfall levels across Indonesia. This setting is one where the labor force is still 

largely dependent on agriculture in the present day, and was even more dependent 

further in the past. I examine a sample of individuals born between 1945 and 1974, with 

adult outcomes recorded by the survey in 2000. The main analysis relates final grade 

attainment and adult log annual income to rainfall experienced many years ago between 

the ages of 7 and 15 at one’s birthplace. I find that both low and high levels of annual 

rainfall1 during school age have permanent negative consequences: both are estimated to 

have a marginal impact of 0.2 less years of completed schooling and a decrease of 5-6% 

on adult annual income. I provide evidence that much of the impact on completed 

schooling is through a lower likelihood of entering secondary school, which in Indonesia 

is a costly investment. 

In order to learn more about how rainfall during school age affects schooling 

outcomes, I turn to the contemporaneous data contained in all four IFLS waves. I begin 

                                                      

1 The precise definition of low and high levels of annual rainfall is provided in section 1.2.3. 
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by showing that for the contemporary IFLS sample short-run schooling responds to 

rainfall in a manner qualitatively matching the long-run results, that both low and high 

levels of annual rainfall harm short-run schooling progression. I find that as with the 

long-run results the transition to secondary school appears to be where much of the 

effect occurs. 

Rice is the most important crop in Indonesia, where district-level rice output 

increases with rainfall (Levine and Yang 2014). I corroborate this finding by using IFLS 

to examine household farm-level rice output, and also annual income for all workers in 

rural areas; the results confirm that labor productivity increases with rainfall. Rainfall 

may potentially affect food prices and the disease environment as well, these channels 

are investigated but not supported by the data. Taken together these patterns, along 

with the fact that secondary school is very costly in Indonesia, suggest that years of low 

rainfall decreases final schooling attainment because households are less able to afford 

secondary school. 

The findings associated with low rainfall are consistent with results from 

previous studies concerning negative shocks in the short-run. The main contribution of 

this paper is to extend to the long-run. What comes as more of a surprise is the harmful 

effect of high rainfall — that in the same setting and in relation to the same source of 

variation a positive productivity shock also leads to less schooling. In line with a few 
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other studies I find evidence that labor substitution occurs when rainfall is high. In 

particular, when there is more rainfall during the early part of the growing season 

children attend fewer hours of school per week and work more, mostly in household 

chores. I interpret this decrease in schooling on the intensive margin as plausibly 

affecting the transition to secondary school through a decrease in learning. 

The rest of this chapter is organized as follows. Section 1.1 reviews the literature 

and discusses the setting. Section 1.2 describes the data used in the analysis of long-run 

impacts, and section 1.3 presents the results along with some robustness checks. For the 

analysis of short-run impacts and mechanisms, the data is described in section 1.4 and 

the results presented in section 1.5. Section 1.6 provides a discussion and concludes. 

1.1 Prior literature and setting 

1.1.1 Prior literature 

There is an extensive body of work concerned with the risks faced by poor 

households in developing countries and its effects on household behavior (See Morduch 

1995 and Dercon 2002 for reviews). One strand of this literature has focused on how the 

school attendance and labor activity of children respond to the occurrence of various 

types of shocks. 

Several authors have documented cases where in response to harmful economic 

events households will suspend a child’s education. These studies look at shocks which 
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are either primarily income shocks, or productivity shocks where the income effect is 

found to dominate the labor substitution effect. One of the earliest is by Jacoby and 

Skoufias (1997), who find that low rainfall harms school attendance in India. Jensen 

(2000) finds that both too little and too much rainfall decreases school attendance in Côte 

d’Ivoire, where the main cash crops (coffee and cocoa) exhibit decreased yields at both 

extremes of the rainfall distribution. Thomas et al (2004) find that in Indonesia, for 

children in primary school from the poorest families, school attendance decreased due to 

the 1998 financial crisis. Duryea, Lam, and Levison (2007) show that in Brazil male head 

of household unemployment shocks can lead children to drop out of school and enter 

the labor force. Beegle, Dehejia, and Gatti (2006) observe the same pattern with crop 

losses in Tanzania. 

A few studies in developing settings have examined situations where the labor 

substitution effect is stronger than the income effect. Kruger (2007) finds that in Brazil 

local booms in coffee production lead children to drop out of school and work more. 

Duryea and Arends-Kuenning (2003) find the same pattern in urban areas of Brazil 

when they look at fluctuations in wages. Furthermore, evidence from developed 

countries indicates that for working-age individuals education is counter-cyclical to 

macroeconomic conditions; school attendance increases during recessions and decreases 

during booms (Ferreira and Schady 2009 provide a review). 
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While the above studies all concern short-run impacts, a small number of 

unpublished emerging studies look at a longer time-horizon. Evidence is being gathered 

that indicates there are permanent long-run negative consequences on adult schooling 

and income from shocks experienced during school age. This complements the literature 

on the long-run impacts of shocks experienced in-utero or in the first few years of life 

(for example see Almond 2006 or Maccini and Yang 20092), and suggests there are other 

critical time periods during which shocks can harm an individual’s long-run welfare. 

De Vreyer, Guilbert, and Mesplé-Somps (2012) examine the 1987-1989 locust 

invasion in Mali, and they find when a village is hit by locusts there are long-run (10 

years after) negative effects on schooling for cohorts in-utero during the event through 

cohorts who had been in school for only a few years. Whether adult income is also 

affected is something their data does not allow them to analyze. Whereas a locust 

invasion is a relatively infrequent catastrophic event, this paper characterizes the impact 

of more moderate rainfall variation. I look at “typical” variation that many households 

                                                      

2 The empirical strategy of much of this study is modeled after Maccini and Yang (2009), henceforth referred 

to as MY. MY use IFLS 3 to examine the long-run impact of rainfall around the time of birth as opposed to 

rainfall during school age (though the use of rainfall as an economically relevant variable has a history 

extending before MY). MY is part of a literature looking at shocks during early-life, where the dominant 

mechanisms are thought to involve a child's physiological development. This study shares a closer relation 

to a literature that examines shocks during school age, where the impacts are believed to operate through 

income and labor substitution effects. 
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across the globe face year-to-year. In addition, using rainfall I can study the long-run 

effects of both negative and positive productivity shocks experienced during school age. 

Developed contemporaneous to this paper, Shah and Steinberg (2013) employ a 

similar approach with data from India. As part of their study they relate completed 

schooling and adult wages to rainfall experienced during school age. They find low 

(high) rainfall during school age leads to increased (decreased) schooling and wages in 

the long-run, that the substitution effect dominates the income effect at both extremes of 

the rainfall distribution. In contrast, I find that in Indonesia low rainfall is harmful for 

schooling in the long-run. The differing nature of school costs in Indonesia and India 

may in part explain the divergence. In India primary school is free whereas the cost of 

schooling is high in Indonesia, especially during secondary school. 

1.1.2 Rainfall and agriculture in Indonesia 

Indonesia’s climate experiences little change throughout the year in terms of 

temperature, air pressure, or length of daylight. The key environmental variable is 

rainfall, which can exhibit extreme variation related to the monsoons. There is generally 

a dry season from June to September and a wet season from December to March 

(Kuipers 2011). Much of the country is subject to large fluctuations in rainfall across 

years. The timing of the monsoon in a given year is an important consideration for 
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farmers in determining when they should plant and whether an additional crop is 

feasible (Kishore et al 2000). 

Rice is the staple food-grain of Indonesia, providing for 50% of its residents’ 

caloric intake. At present rice accounts for 30% of all agricultural land and is grown by 

77% of all farmers (United States Department of Agriculture 2012). The dominant form 

of rice cultivation in Indonesia is the water intensive wetland variety (Frederick and 

Worden 2011). Levine and Yang (2014) use data from Indonesia and find that district-

level rice output increases with rainfall. In this study I use data in IFLS on rice output 

and annual income to provide more evidence that rainfall is beneficial for agricultural 

and labor productivity in rural Indonesia. 

These statistics and findings pertain to contemporary Indonesia, while the 

sample of individuals I use to estimate long-run impacts were born between 1945-1974. 

Aggregate macroeconomic data indicates agriculture in Indonesia was even more 

important further in the past. Table A.21 in appendix A displays the share of agriculture 

in Indonesia’s GDP and the percentage of individuals employed in agriculture in the last 

few decades (Asian Development Bank 2006). As recent as 2002, agriculture still 

accounted for a substantial fraction of GDP (18%) and employment (44%). For the 

earliest figures from 1970 it accounted for 41% of GDP and 66% of employment. 



 

 

10

1.1.3 Education in Indonesia 

    Schooling in Indonesia begins with six years of primary school starting at age 

7, followed by three years of junior secondary and three years of senior secondary. 

Various options for higher education are available after secondary school. Since the mid-

eighties the primary school net enrolment rate has hovered around 95%. The primary 

school graduation rate has been lower, for cohorts born in the mid-eighties 62% of 

children entering primary school end up graduating, rising to 72% by the early nineties. 

Data from as far back as the eighties show there has been a sharp drop in enrollment 

between primary and junior secondary school (Jones and Hagul 2001). 

    Secondary schools rely heavily on fees paid by students’ families. Tan and 

Mingat (1992) show that in the mid-eighties 27% of operating costs in secondary schools 

were covered by fees. Data from the 1989 Susenas indicates that in rural Java (the most 

populous island in Indonesia) the cost of junior secondary school fees range from 17% of 

per capita expenditures for households in the highest expenditure quintile up to 40% for 

households in the lowest expenditure quintile. Including other direct costs of schooling, 

for the lowest expenditure quintile the total cost of junior secondary is estimated to 

comprise a remarkably high 86% of per capita expenditures (Mason and Rozelle 1998). 
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1.2 Long-run impacts: data, rainfall variables, and sample 
descriptive statistics 

1.2.1 IFLS data 

The Indonesian Family Life Survey (IFLS) is a rich, longitudinal survey 

representative of 83% of the Indonesian population. The four waves of the survey were 

fielded in 1993, 1997, 2000, and 2007. Data collection was conducted by the RAND 

corporation in collaboration with a number of additional organizations3. 

To study the long-run impacts of rainfall during school age I use the third wave 

of IFLS, fielded in 2000. The main outcomes of interest are the final grade attainment 

and log annual income of adults. The survey records place of birth at the sub-district 

(kecamatan) level, though a small percentage of individuals are only able to report their 

district (kabupaten) of birth. It is important to emphasize that individuals are matched 

to their district of birth and not to their district of residence. 

On average, Indonesian sub-districts are 112 square miles and districts are 1465 

square miles. Longitude and latitude coordinates are available for the 312 original IFLS 1 

communities and were obtained from the RAND corporation4. When possible I use 

survey GPS coordinates to locate places of birth, otherwise I use Google maps. 

                                                      

3 More information can be found at the survey website: http://www.rand.org/labor/FLS/IFLS.html 
4 I would like to thank Roald Euller for providing me with the GPS coordinates. 
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1.2.2 Rainfall data 

Rainfall data was obtained from the Global Precipitation Climatology Centre 

(GPCC), which is operated under the auspices of the World Meteorological 

Organization. The GPCC provides several rainfall datasets covering the entire globe and 

spanning as far back as 1900 (Becker et al 2013, for which much of the information in this 

section relies upon). 

This study uses a GPCC dataset5 consisting of monthly rainfall levels from 1900-

2010, for each 0.5 by 0.5 longitude-latitude grid cell on the Earth’s land surface 

(approximately 35 by 35 miles, or 1225 square miles, slightly smaller than an Indonesian 

district on average). The GPCC estimates rainfall levels by applying an interpolation 

algorithm to station data from numerous primary sources. The dataset contains as many 

as 351 relevant Indonesian rainfall stations spread throughout the country, though there 

is variation over time6. 

                                                      

5 The dataset is referred to as the GPCC Full Data Reanalysis Version 6.0 (at 0.5 degree grid resolution), 

available for download at: ftp://ftp.dwd.de/pub/data/gpcc/html/fulldata_v6_doi_download.html. GPCC 

datasets are used by numerous institutions in the context of water and climate research, including the World 

Meteorological Organization, the World Climate Research Programme, the Intergovernmental Panel on 

Climate Change, and the Food and Agriculture Organization of the United Nations (Schneider et al 2011). 
6 The analysis sample in this study is born between 1945-1974, and the main rainfall variables pertain to ages 

7-15. Thus the most important years in terms of rainfall data quality are 1952-1989 (7 years after 1945, 

through 15 years after 1974). From 1952-1989, in birth-district grid cells and immediately adjoining grid 

cells, the GPCC dataset contains a monthly mean of 235 rainfall stations, ranging from 47 to 351. The 

number of stations is roughly flat prior to 1976 (mean of 320), drops during 1976 and remains roughly flat 

thereafter (mean of 79 after 1976). From 1952-1989, the mean percent of birth-district grid cells with a station 

nearby (within the cell or an immediately adjoining one) is 85% (93% prior to 1976, 71% after 1976). 
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For any interpolation method, the primary way to achieve high accuracy is 

through high (local) station density. Becker et al (2013) estimate the GPCC data archive 

achieves a rainfall station density that outperforms all other global precipitation datasets 

by at least a factor of two and often much more. With respect to Indonesia, the GPCC 

archive contains all available rainfall data in the public domain, and is supplemented 

with additional data from the Indonesian national meteorological agency7. 

To create their interpolation method, the GPCC relied on external studies and 

conducted extensive internal testing. The algorithm takes into account the distances of 

stations to each grid point (for a limited number of nearest stations), the directional 

distribution of stations (to avoid overweighting of clustered stations), and the spatial 

gradients of the observed rainfall data (which serves to smooth the interpolated 

contour). 

Despite the large number of stations, measurement error remains a concern. 

However, given the fundamental data limitations involved in station coverage, utilizing 

a high quality interpolated dataset is arguably a second best. It is worth emphasizing 

that the GPCC dataset was developed by a group of dedicated climate scientists, 

expressly for the purposes of studying precipitation, with methods and procedures that 

have been refined over several decades. 

                                                      

7 In regards to the primary source rainfall station data, the GPCC archive includes the data described in 

Maccini and Yang (2009). 
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Furthermore, although measurement error variability likely increases with lower 

station density, it is less clear the error would be biased or covariant with unobserved 

economic variables. Measurement error variance may be related to economic variables 

due to non-random placement of rainfall stations (for example if they are closer to urban 

centers). But for measurement error to bias the regression estimates away from zero 

(non-classical measurement error) requires not an increase in variance, but covariance 

with the residual. 

Such a situation could arise if the interpolation algorithm systematically over- or 

under-estimates the true level of rainfall when station density is lower (which may then 

be related to economic variables through non-random station placement). However, I 

find no evidence of a relationship between local station density and the rainfall variables 

I construct. 

1.2.3 Rainfall variables 

The rainfall variables of interest are the number of dry and wet years occurring 

between ages 7 through 15 at one’s birthplace. In order to construct these variables, each 

individual’s birth locality is matched to the nearest rainfall grid cell. I then follow 

procedures used in two prominent previous studies. Following Maccini and Yang 

(2009), I compute 12-month growing season rainfall based on the usual month of arrival 
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of the monsoon, allowed to vary by province8. Following Jayachandran (2006), I define 

dry and wet years by the 20th and 80th percentiles of the locality-specific historical 

growing season rainfall distribution. 

The observed empirical distribution of dry and wet years is shown in figure B.1 

in appendix B, along with the distribution of a Binomial(n=9,p=0.2) for comparison9. I 

argue the rainfall variables are plausibly exogenous, as individuals cannot directly affect 

the weather. If future rainfall is predictable it raises the possibility of selective fertility; 

section 1.4.3 explores this in-depth, but I find no evidence of selective fertility. 

The rainfall variables are defined relative to what would be expected for an 

individual’s own birth locality and not relative to national benchmarks. This 

specification accounts for differences in the distribution of annual rainfall across birth-

districts, which may be correlated with unobserved birth-district characteristics (in 

addition, regressions include birth-district fixed effects). Households from different 

birth-districts may also have made adaptations to their farming and economic activity in 

accordance with the magnitude of local rainfall variance. Using local benchmarks allows 

these adaptations to mediate the effect of an increase in rainfall. An interpretation of this 

                                                      

8 For each province I define the growing season to start during the first month in autumn for which the 

historical average is at least 200 cm of rainfall. This definition was used by Maccini and Yang (2009) and is 

based on Kishore et al (2000). 
9 Whereas the binomial is a sum of independent events, dry and wet years exhibit some serial correlation 

(see section 1.4.3), thus the empirical distributions are somewhat flatter than the theoretical binomial. 
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specification is that given a true but unknown functional form (which could vary by 

locality), the estimates inform us of the impact that extreme regions of the rainfall 

distribution (below the 20th percentile, above the 80th percentile) have relative to the 

omitted category (between the 20th and 80th percentiles). 

Only rainfall data from 1913-1941 and from 1951-1976 are used to construct the 

historical distributions because the number of rainfall stations varies over time. Between 

1913-1941 and 1951-1976 the percentage of birth-district grid cells that have a station 

nearby (within the cell or an immediately adjacent cell) is relatively high, approximately 

80% or more10. 

1.2.4 Sample descriptive statistics 

Table 1.1 provides descriptive statistics for the main sample. To construct the 

main sample I start with all individuals born between 1945-1974, who at the time of 

interview in 2000 are between 26-55 years old. Cohorts born before 1945 are omitted 

because of the second world war, those born after 1974 are omitted because the fraction 

of individuals still in school becomes non-trivial. The main sample is further limited to 

                                                      

10 Prior to 1913, station density decreases roughly linearly as we look further back in time. A sharp drop in 

density from 1942-1950 is due to World War II. A more moderate drop in density occurs after 1976. If I 

examine grid cells with a station nearby at least 90% of the time during the entire range of 1900-2010, the 

20th and 80th percentiles of their rainfall distributions do not change appreciably if I use the years 1913-1941 

and 1951-1976 to construct the percentiles or use all years from 1900-2010. For both the 20th and 80th 

percentiles the average difference is only about 2%. 
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individuals who were born in rural areas, self-reported as either a village or small town 

as opposed to a large city11. 

Table 1.1: descriptive statistics, long-run sample. 

  Variable   Mean   

Standard 

Deviation   

Sample Size 11782 - 

Grade Attainment 6.8 4.5 

Income Last Year (USD) 476 500 

Age 38.1 8.2 

Dry Years, Ages 6-14 (Per Year) 0.24 0.15 

  Wet Years, Ages 6-14 (Per Year)   0.22   0.15   

 

There are 13,344 individuals born between 1945-1974. Of these individuals 0.2% 

are dropped due to missing grade attainment and 2% dropped due to missing birth-

district. Of the remaining individuals, 93% are matched to their sub-district of birth and 

7% to their district of birth. From here 1,176 individuals are omitted because they were 

born in an urban area, and 22 individuals are omitted because there was no other sample 

individual born in their birth-district (regressions control for birth-district fixed effects). 

The final size of the main sample is 11,782 individuals. 

                                                      

11 When the main analysis on final grade attainment and adult log annual income is performed on those 

born in urban areas I find they are not affected by rainfall. 
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1.3 Long-run impacts: results 

1.3.1 Empirical specification 

The main analysis relates adult outcomes to rainfall during school age at one’s 

birthplace. To increase precision I control for a number of fixed effects (residence in a 

small town rather than a village, gender, birth-year, and birth-district) and a birth-

district specific linear trend in birth-year to account for long-term trends in schooling 

that differ across birth-districts. It should be emphasized that I am able to determine 

individuals’ place of birth (though only at the district level), I do not rely on current 

village of residence in matching to school age rainfall12. 

Because regressions use rainfall at one’s birthplace, estimated coefficients should 

be interpreted as intent-to-treat effects. The survey does not include a full migration 

history for individuals during early life. Even if such information were available making 

use of rainfall for individuals’ locations at each point in time would bring up issues 

concerning migration and its relation to rainfall13. In terms of what the survey does 

record regarding early life migration, 12% of the sample lived in a different location at 

age 12 compared to birth, although the precise sequence of movements between birth 

and age 12 is unknown. 

                                                      

12 For this reason, regressions do not employ fixed effects at the primary sampling unit, instead fixed effects 

are at the birth-district level. 
13 Later I show in this setting rainfall is serially correlated. If rainfall is predictable, a selective set of 

individuals could migrate in response to past or expected future rainfall levels. 



 

 

19

1.3.2 Impact of rainfall throughout the life-cycle 

The main analysis examines rainfall from ages 7-15. This is in part motivated by 

the fact that these years correspond to the beginning of primary school for most 

individuals through the end of junior secondary for those who progress on time (from 

grades 1 through 9). Historically grade repetition during primary school and dropout at 

the end of primary school have been relatively high, so for many individuals age 15 will 

not correspond to the end of junior secondary. 

Before presenting the main results I first analyze the impact on final grade 

attainment from rainfall 9 years prior to birth through age 24. Appendix B figure B.2 

presents the estimated impact of rainfall during 3 year age ranges14 along with 95% 

confidence intervals. The full set of controls mentioned above are used with standard 

errors clustered by birth-district. 

Specifically, I estimate the following equation: 

 

�������� = 
[�,��]�����,[�,��] + ⋯ + 
[��,��]�����,[��,��]                             

+ �[�,��]�����,[�,��] + ⋯ + �[��,��]�����,[��,��]                                                    

+ � + ����� + ������ℎ����� + !���      (1.1) 

 

                                                      

14 I use 3 year age ranges instead of every single year to smooth the estimates. 



 

 

20

The outcome �������� is the final grade attainment (in years) of individual i born 

in birth-district j in year t. The set of coefficients 
[&,'] corresponds to the estimated 

impact of the number of dry years from ages a to b, and �[&,'] to the estimated impact of 

the number of wet years from ages a to b. The vector ���� includes fixed effects for 

residence in a small town rather than a village, gender, birth-year, and birth-district. The 

term ������ℎ����� controls for a birth-district specific linear trend in birth-year. Finally, 

!��� is the error term, and standard errors are clustered by birth-district. 

Appendix B figure B.2 shows a statistically significant negative impact for dry 

years from ages 7-15 and for wet years from ages 10-15. The point estimate for wet years 

from ages 7-9 is still negative so in the main analysis I combine ages 7-15 for both dry 

and wet years15. 

1.3.3 Empirical specification: main analysis 

For the main analysis I estimate: 

 

(��� = � + 
����� + ������ + )*��+,�ℎ���� + ����� + ������ℎ����� + !���      (1.2) 

 

                                                      

15 The effect of wet years from ages 19-21 is also found to be negative and statistically significant. This could 

be just noise as I estimate a large number of coefficients (though the rainfall variables are jointly significant). 

There is a slight peak in age of leaving school at age 19 and 20 (see appendix B figure B.3), thus the wet years 

from ages 19-21 estimate may be due to a labor substitution effect whereby individuals choose to work 

rather than pursue higher education. 
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The outcome (��� is the final grade attainment (in years) or adult log annual 

income for individual i born in birth-district j in year t. The regressors of interest are 

����� and �����, the number of dry and wet years experienced from ages 7 through 15 by 

an individual born in birth-district j in year t. Because rainfall is serially correlated (see 

section 1.4.3) I include the vector *��+,�ℎ����, which controls for dry and wet years 

before age 7 and after age 15. Specifically, it includes yearly indicators for dry and wet 

from 9 years prior to birth through age 6, and from ages 16 through 24. The vector ���� 

includes fixed effects for birth in a small town rather than a village, gender, birth-year, 

and birth-district. The term ������ℎ����� controls for a birth-district specific linear trend 

in birth-year. Finally, !��� is the error term, and standard errors are clustered by birth-

district. 

1.3.4 Main results 

Column (1) of table 1.2 presents the main long-run schooling results. The 

occurrence of both dry and wet years during the ages of 7-15 is estimated to have 

permanent negative effects on final grade attainment. The two estimated rainfall 

coefficients are similar, each additional dry or wet year is estimated to have a marginal 

effect of 0.2 less years of schooling, with both coefficients significant at the 1% level. 

Column (4) of table 1.2 looks at adult log annual income (self-reported income from the 
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previous year)16. Each dry year is found to decrease income by 5% and each wet year by 

6%, both coefficients significant at the 1% level. 

Table 1.2: long-run impacts, rainfall from ages 7-15. 

  Final Grade Attainment Adult Log Annual Income 

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

  Full Sample Men Women Full Sample Men Women 

Dry -0.19*** -0.19* -0.22*** -0.049** -0.052** -0.057 

(0.072) (0.10) (0.079) (0.023) (0.023) (0.041) 

Wet -0.22** -0.23** -0.21** -0.060** -0.052* -0.10** 

(0.087) (0.12) (0.10) (0.028) (0.031) (0.047) 

Observations 11,782 5,605 6,177 8,238 5,104 3,134 

R-squared 0.332 0.304 0.381 0.201 0.166 0.212 

Mean of Outcome 6.8 7.6 6.1 

% No Earnings       30 9 49 

 

The remaining columns in table 1.2 present results split by gender. Estimated 

effects on completed schooling are similar for men and women, as with the grouped 

sample the marginal effects are about 0.2 less years of schooling. For annual income, 

only half of women are working and report an income whereas 91% of men are working. 

Thus I focus on the income results for men as the sample selection for women is so 

                                                      

16 The top and bottom 1 percent of reported incomes have been removed, though results are similar if I keep 

these observations. 
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large17. Subsequently, some of the robustness checks in section 1.4 are restricted to men 

or performed for the entire sample and separately by gender. I find that for men each 

dry or wet year is found to decrease annual income by 5-6%. 

1.3.5 Transitions between school levels 

In this section I present evidence that much of the effect on schooling occurs 

during the transition into junior secondary, and potentially also the transition into senior 

secondary. In support of this interpretation I highlight three patterns in the data, which I 

briefly summarize and then go into more detail below. First, I find that the effect of 

rainfall on age of leaving school is similar in magnitude to the effect on final grade 

attainment, suggesting the impact is through drop out and not slower progression 

through school. Second, examining the distribution of final grade attainment shows 

substantial peaks at the end of school levels, indicating many drop outs occur during 

transitions between levels. And third, the strength of the rainfall effects by age coincide 

with the transition from primary to junior secondary, and for individuals who progress 

on time also from junior secondary to senior secondary. 

In terms of year-by-year schooling patterns, rainfall can affect final grade 

attainment by either inducing individuals to permanently (and prematurely) drop out of 

                                                      

17 In addition, I find no evidence that the likelihood of reporting income is related to dry and wet years, for 

the full sample or separately by gender. 
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school, or by slowing the rate of progression through increasing the occurrence of 

temporary absences or grade failures (which are then never fully made up). To help 

distinguish between the two we can compare the magnitude of rainfall’s effect on final 

grade attainment versus its effect on age of leaving school. If the effect is mainly through 

permanent drop outs, we would expect the magnitudes to be similar. If the effect is 

mainly through slowed progression, the effect on age of leaving school should be 

smaller (less negative) than the effect on final grade attainment. In appendix A table 

A.22 I show results from estimating equation (2) using age of leaving school as the 

outcome18 (Appendix B figure B.3 shows the distribution for age of leaving school, 

restricting to individuals who have ever attended school). I find the estimated effects 

that dry and wet years have on age of leaving school are similar to and never smaller 

than their effects on final grade attainment, suggesting that the impact is mainly through 

increasing the likelihood of permanent drop outs19. 

    If the impact is through drop outs, then a natural question is when do drop 

outs occur? In appendix B figure B.4 I present the distribution of final grade attainment 

                                                      

18 The sample size changes compared to the regression for final grade attainment because age of leaving was 

only asked of individuals less than 50 years of age. For individuals who have never attended school (about 

10% of the sample) in the regression I set their age of leaving to be 7, which is the usual age of entry into 

school. 
19 It is also possible that entry into school is delayed. However, for the long-run sample about 90% of 

individuals who ever enter school do so between the ages of 6-8. Recall that the main analysis looks at 

rainfall from ages 7-15, largely after most individuals have entered school. If I estimate equation (2) with age 

of entry as the outcome, no statistically significant effect is found for wet years. A small effect is found for 

dry years, each additional dry year delaying age of entry by about 0.05 years. 
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for the analysis sample, which shows substantial peaks at the end of school levels. In 

particular, there are large peaks at the end of primary (grade 6), junior secondary (grade 

9), and senior secondary (grade 12). Finally, recall from figure B.2 that the strongest 

effects from rainfall occur during ages 7-15. Given on time entry and progression this 

coincides with grades 1-9, indicating rainfall is affecting the transition from primary to 

junior secondary, and potentially also the transition from junior secondary to senior 

secondary. 

1.4 Robustness checks 

1.4.1 Alternative rainfall variable definitions 

For the main results I follow the convention used previously in Jayachandran 

(2006) of a 20/80 percentile cutoff for dry and wet years. The main findings are not a 

statistically anomalous “knife-edge” result as effects are detectable with alternate 

cutoffs, shown in appendix A table A.23. I present results on completed schooling and 

adult log annual income (for men) using 10/90 and 30/70 cutoffs in addition to 20/80 

cutoffs. 

These cutoffs are chosen to be symmetric, though they don’t need to be. Any 

percentile cutoffs could be chosen and the coefficient estimates are still able to be 

interpreted. Given a true but unknown functional form, the estimates tell us the impact 

of one region of the rainfall distribution relative to the omitted category. With this last 
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point in mind, there is no reason to expect the different cutoffs to yield the same 

coefficient estimates or significance levels. 

1.4.2 Survey sample selection 

I examine whether selection into participating in IFLS is affected by school age 

rainfall. I relate the size of birth-year cohorts in different regions20 to dry and wet years 

from ages 7-15, results shown in appendix A table A.24. While there is no relationship 

between school age rainfall and total cohort size, or with male cohort size, there is some 

evidence that dry years increase female cohort size. Recall, though, that significant 

impacts on schooling were found for both men and women, from both dry and wet 

years. It is possible that female migration is affected by dry years during school age. To 

address concerns of unobserved heterogeneity more in-depth, the next section explores 

whether parental characteristics are related to school age rainfall. 

1.4.3 Parental characteristics 

Results in appendix A table A.25 show that in this setting rainfall is serially 

correlated, and indicates a pattern of “runs” of dry and wet years. In particular, if the 

previous year was dry the current year is more likely to be dry and less likely to be wet, 

and similarly if the previous year was wet the current year is more likely to be wet and 

                                                      

20 In terms of geographic regions, birth-year cohorts are calculated by rainfall grid cells. They are not 

calculated by birth-district because individuals born in the same district can be matched to different rainfall 

grid cells (depending on where in the district they were born). 
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less likely to be dry21. This raises the possibility of selective fertility that could induce a 

correlation between parental characteristics and rainfall an individual experiences from 

ages 7-15, which would violate exogeneity of the rainfall variables. This could occur 

because a selective set of parents are accurately predicting future levels of rainfall and 

making use of this information in their fertility decisions, or without trying to predict 

future rainfall they are basing fertility decisions on current rainfall which may then be 

correlated with future rainfall. 

The rainfall variables I use pertain to at least 7 years after a child is conceived, 

hence selective fertility would require parents to accurately predict many years into the 

future or for rainfall to be correlated over many years. Nevertheless, I do not rule this 

out a priori. To test for this scenario I examine whether rainfall from ages 7-15 is 

correlated with parental characteristics22 along with an individual’s adult height and 

number of siblings. The underlying assumption in this analysis is that rainfall occurring 

during an individual’s childhood (ages 7-15) should not affect their parent’s education 

or wealth levels. 

                                                      

21 I regress year t rainfall on year t-1 rainfall using rainfall from the years 1913-1941 and 1951-1976 (the same 

years used to construct the historical distributions), and using all rainfall grids an individual in the long-run 

sample was born in. Standard errors are clustered by year to account for geographical correlation in rainfall 

in a given year. 
22 Most of the parental information is reported by children regarding non-coresident parents. 
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The parental characteristics examined are education level (indicator variables for 

some schooling but incomplete primary, completed primary or greater, missing 

information on the level of schooling, with the omitted category being no schooling), 

whether the parent is currently alive, currently working, and whether they are working 

in agriculture. From what is known about the physiology of childhood growth an 

individual’s adult height is largely determined early in life (approximately by age 4), it 

should be unaffected by rainfall from ages 7-15 and can be thought of as a measure of 

parental resources available early in life. Number of siblings is also likely related to 

parental wealth during one’s childhood23. 

The regression equation is as follows: 

 

(*��+ ./�0 7 − 15)���

= � + 
4���+��5� + )*��+,�ℎ���� + ����� + ������ℎ����� + !���      (1.3) 

 

Results are shown in appendix A table A.26, where in column (1) the outcome 

(*��+ ./�0 7 − 15)��� is the number of dry years from ages 7-15, and in column (2) the 

                                                      

23 It is conceivable that some of the parental variables are affected by rainfall through its impact on the 

child's education. In particular, whether the parent is alive, is working, and working in agriculture could 

respond to the education obtained by the child. The number of (younger) siblings an individual has may 

also potentially respond to rainfall occurring 7-15 years after birth. Thus, a cleaner test might be to restrict to 

parental education levels and an individual's adult height. The main conclusion of this section (the parental 

variables are not jointly significant) does not change if I make such a restriction. 
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number of wet years from ages 7-15. These outcomes are regressed on the parental 

variables just mentioned, along with the full set of controls used in the main analysis 

from equation (2). Standard errors are clustered by birth-district. 

Appendix A table A.26 displays estimated coefficients for the parental variables. 

Three parental variables are significant at the 10% level or less, but for each equation an 

F-test of joint significance of all the parental variables is not significant at standard 

levels. For column (1) the p-value of the F-test is 0.72, and for column (2) it is 0.25. In 

addition, if these regressions are run separately by gender the main conclusion does not 

change, the parental variables are not jointly significant at standard levels. 

1.5 Short-run mechanisms and impacts: introduction and data 

1.5.1 Introduction 

The next two sections of the paper present analysis of short-run schooling 

impacts and potential mechanisms. To do so I make use of the contemporaneous data 

contained in all four IFLS waves. Given that Indonesia is an agriculture dependent 

setting and there is abundant evidence that rainfall is important for agriculture, the 

primary hypothesized mechanism is through an effect on agricultural productivity. I 

investigate whether rainfall has an effect on food prices and illness as well. 
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1.5.2 IFLS data 

The four IFLS waves were fielded in 1993, 1997, 2000, and 2007. Each wave has a 

wealth of information at the individual, household, and community level that allows for 

the testing of a variety of mechanisms. Longitude and latitude coordinates are available 

for the original IFLS 1 communities and were obtained from the RAND corporation. For 

almost all short-run results I restrict analysis to these communities to minimize 

measurement error associated with locating communities. In a single case when sample 

size is an issue I use an expanded sample that includes communities added after the first 

wave, and GPS coordinates for these communities at the sub-district (kecamatan) level 

were obtained with Google maps. Analysis is restricted to rural areas. 

1.5.3 Rainfall data and variables 

The rainfall dataset comes from the Global Precipitation Climatology Centre 

(GPCC), it is the same dataset that was used to analyze the long-run impacts of rainfall 

and was described in section 1.2.2. The definition and construction of dry and wet years 

used in this section is likewise the same as before (see section 1.2.3). 

1.6 Short-run mechanisms and mechanisms: results 

1.6.1 Short-run schooling 

The long-run results indicate both low and high levels of rainfall have negative 

effects on schooling. I begin by showing this pattern holds for the contemporary IFLS 
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sample in the short-run. I regress change in grade attainment between survey waves t 

and t+1 (for t=1,2,3) on the number of dry and wet years occurring in the same time 

interval (dry and wet years were defined in section 1.2.3). Taking first-differences 

increases precision by controlling for individual time-invariant determinants of 

schooling. In addition, the regressions control for a number of different characteristics 

measured at the time of wave t. Given that the outcome is a change over time, wave t 

controls account for heterogeneous time-trends. 

I estimate the following equation: 

 

(��� = � + 
����� + ������ + ����� + ������ℎ����� + !���      (1.2) 

 

The outcome (��� is the change in grade attainment for individual i residing in 

community j (at wave t) between survey waves t and t+1. The regressors of interest are 

����� and �����, the number of dry and wet years in community j between survey waves 

t and t+1. The vector ���� includes fixed effects for gender, age, birth-year, the year of 

wave t, and community. The term ������ℎ����� controls for a community-specific linear 

trend in birth-year. Finally, !��� is the error term, and standard errors are clustered by 

district. 
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    I restrict to individuals who are ages 5-20 at wave t. Most individuals under 5 

have not yet entered school and most over 20 have finished their schooling. Attrition 

(individuals present in wave t but not t+1) for this sample is relatively low, about 9%, 

and for individuals ages 5-10 it is only 3%24. 

Table 1.3: short-run impacts, rainfall between survey waves. 

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

  

Full 

Sample 

Ages 

5-10 

Ages 

11-20 

Grades 

0-1 

Grades 

2-5 

Grades 

6+ 

Dry -0.172*** -0.201*** -0.0767** -0.0972* -0.169*** -0.0408 

(0.0353) (0.0508) (0.0348) (0.0558) (0.0490) (0.0402) 

Wet -0.0512 -0.110** 0.00871 0.0351 -0.0963* -0.0136 

(0.0369) (0.0485) (0.0345) (0.0547) (0.0498) (0.0323) 

Observations 11,866 5,495 6,371 3,615 4,182 4,069 

R-squared 0.601 0.637 0.515 0.664 0.568 0.532 

Mean of Outcome 3.1 4.0 2.3 3.7 3.7 1.9 

 

The main short-run schooling results are presented in table 1.3. Equation (4) is 

estimated on the entire sample in column (1) and split by the younger and older half of 

the age distribution in columns (2)-(3). For the entire sample the effect of each dry year is 

to decrease grade progression by 0.17 years, significant at the 1% level. The point 

                                                      

24 In addition, I find no evidence that the likelihood of attrition is related to dry and wet years, for the full 

sample or any of the subsamples in table 3. 
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estimate for wet years is negative though not statistically significant. In columns (2)-(3) 

when the sample is split by age I find that effects are concentrated among younger 

individuals (ages 5-10), and for these younger individuals the effect of wet years is 

significant at the 5% level with a magnitude of -0.1. It is noteworthy that for the younger 

half almost none have completed primary school at the time of wave t, whereas for the 

older half over 60% have completed primary school. 

Columns (4)-(6) explores the heterogeneity by initial grade directly. The sample 

is first separated by individuals who have already completed primary (grade 6) at the 

time of wave t, shown in column (6). The remaining individuals with initial grades 

between 0-5 are split roughly evenly into grades 0-1 and 2-5, shown in columns (4) and 

(5). Comparing across columns (4)-(6) shows that effects are strongest for those initially 

in grades 2-5, individuals who are close to the transition to junior secondary. For those 

who have already completed primary school the estimated impacts are small and 

insignificant. 

In appendix B figure B.5 I present attendance rates by highest completed grade25, 

which shows noticeable dips at the end of school levels but high rates for other grades. 

In addition, instances of school exit and re-entry are rare, less than 1% of individuals 

report doing so. Together these patterns indicate that most individuals who enter a 

                                                      

25 Data for figure B.5 comes from individuals ages 5-20 from all 4 IFLS waves. 
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given school level stay in school until the end of that level, then drop out or continue. 

Combining these schooling patterns with the heterogeneous effects presented in table 

1.3, my interpretation of the short-run schooling results is that much of the effect of 

rainfall on grade progression occurs by increasing the likelihood of dropouts at the 

transition between primary and junior secondary school. Recall that in section 1.3.3 a 

similar interpretation was borne out by the long-run results. 

1.6.2 Rainfall and agricultural/labor productivity 

In this section I test whether rainfall impacts agricultural productivity by 

examining farm output. If there are economic spillovers rainfall may also affect the 

productivity of those not directly engaged in farming, thus in addition I examine if 

rainfall impacts labor productivity of all working individuals in rural areas by 

examining annual income26. 

Data on each rice crop harvested in the last year is available in IFLS 4 for 

households engaged in rice farming. Making use of the month of planting, I match 

output in kilograms harvested and crop value in US dollars (converted at the 2007 

monthly average exchange rate) to rainfall from the year during which the crop was in 

                                                      

26 The schooling regressions did not restrict to households engaged in farming. 
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the field. I also control for a number of farm and crop characteristics27. Standard errors 

are clustered by district. 

Estimated coefficients for dry and wet are reported in table 1.4. Column (1) 

pertains to the amount harvested in kilograms, and column (2) to the value of the 

harvest in US dollars28. I find a positive association between agricultural productivity 

and rainfall levels. A dry year is found to negatively impact both crop amount and 

value. In relation to the mean, a dry year decreases amount harvested by 25% and value 

by 28%. Conversely a wet year is found to positively impact both crop amount and 

value. A wet year increases amount harvested by 38% in relation to the mean, and value 

by 34%. The estimated effects from columns (1) and (2) are all significant at the 10% level 

or less. In addition, column (3) looks at the price (US dollars per kilogram) obtained for 

the crop and finds small and insignificant effects, suggesting the impact on crop value is 

through output only and not price.  

I obtain data on annual income for adults ages 25-50 from all four waves of IFLS 

to construct a repeated cross-section. Income is deflated with a consumer price index to 

2007 values, then converted to US dollars. Annual income is regressed on whether the 

                                                      

27 In particular I control for urbanicity, household size, ownership of the land being farmed, land area, farm 

equipment, source of water, rice variety, the usual number of crops the household is able to plant in a year, 

whether rice is a main crop for the household, and month of planting. 
28 The top and bottom 1 percent of reported rice crop amount harvested and crop value have been removed. 

The same outlier removal procedure was done for the annual income regressions in this section. 
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year previous to the interview date was dry or wet. Regressions control for an 

individual’s education, and in addition the same set of controls from equation (4) are 

used (fixed effects for age, birth-year, year of survey, and community, plus a 

community-specific linear trend in birth-year). Standard errors are clustered by district. 

Table 1.4: rice output and annual income, response to rainfall. 

  Rice Crop Output   Annual Income 

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

  

Amount 

(kg) 

Value 

(USD) 

Price 

(USD/kg)   

Men 

(USD) 

Women 

(USD) 

Dry -337.1** -83.39** 0.00185 -66.42*** -23.03 

(168.6) (37.11) (0.00750) (25.21) (32.73) 

Wet 521.2** 97.96* -0.00779 25.23 40.03 

(256.8) (53.48) (0.00845) (36.31) (34.47) 

Observations 2,760 2,701 2,686 8,184 4,345 

R-squared 0.221 0.196 0.058 0.264 0.318 

Mean of Outcome 1361 294 0.22 813 535 

% No Earnings         11 59 

 

Results are presented in columns (4) and (5) of table 1.4, with analysis split by 

gender. Almost 60% of women report no income but only 11% of men report no income, 
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thus discussion of the results is limited to men29. Qualitatively the impact of rainfall on 

income is similar to that on rice output. For men a dry year negatively impacts annual 

income, significant at the 5% level. In relation to the mean, a dry year decreases income 

by 8%. The point estimate for a wet year is positive though not statistically significant. 

The results in this section indicate that rainfall levels are positively associated 

with labor productivity. Dry years lead to decreased rice output and less income for 

working-age male individuals in rural areas. This pattern, combined with the high cost 

of secondary school in Indonesia, provides a plausible mechanism through which low 

levels of rainfall harms schooling progression, and in particular harms the transition into 

junior secondary school. Results in this section also provide evidence that wet years may 

increase labor productivity. If high levels of rainfall induces a positive productivity 

shock that leads to less schooling it would likely act through a labor substitution effect. 

The next section explores this possibility. 

1.6.3 School-labor substitution 

Results in table 1.3 indicate that it is younger children (ages 5-10) who are 

affected the most by wet years. As preliminary suggestive evidence that labor 

substitution plays a role in how wet years affects schooling, for the age 5-10 sample I 

                                                      

29 In addition, I find no evidence that the likelihood of reporting income is related to dry and wet years, for 

the full sample or separately by gender. 
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estimate equation (4) with the addition of interaction terms and a main effect for the 

number of household members 15 years of age and older, results shown in table 1.5. 

Table 1.5: short-run impacts, household size 

Heterogeneity. 

  (1) 

  Ages 5-10 

    

Dry -0.195*** 

(0.0533) 

Wet -0.163*** 

(0.0504) 

Household Size (Ages ≥ 15) 0.0101 

(0.0226) 

Dry * Household Size (Ages ≥ 15) -0.00391 

(0.0135) 

Wet * Household Size (Ages ≥ 15) 0.0277** 

(0.0130) 

Observations 5,495 

R-squared 0.638 

 

If wet years lead to a labor substitution effect, households with more adults may 

have additional spare labor and less need to substitute between the schooling and labor 

of children. As evidence that suggests this may be the case the interaction term for 

Wet∗Household Size(Ages≥15) is positive and significant at the 5% level. 
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As a more direct investigation of the labor activity of young children I use IFLS 4, 

the only wave that asks children ages 5-14 questions concerning labor activity30. I 

examine whether in the last month they worked at all and how many weeks they 

worked. Most of this work is in the form of household chores31 and it does not need to be 

the primary activity. I also look at how many household members over the age of 15 

engaged in work for pay in the last week. On the schooling, side I examine the number 

of hours an individual attended school in the last week. The sample for these regressions 

come from all rural IFLS 4 communities (including those added after the first wave) to 

increase the number of observations. I restrict to children ages 7-14 because most 

children less than 7 are not in school, whereas 94% of 7-14 year-olds are attending 

school. 

The interview dates for IFLS 4 occur from November 2007 through June 2008, 

spanning the beginning of the growing season (which I define by the usual arrival of the 

monsoons) to several months after. In this analysis I examine rainfall from the early part 

of the growing season, in particular the first 3 months (results are qualitatively similar if 

I examine the first 2 or 4 months). I construct the historical distributions for these 3 

                                                      

30 Information on child labor activity in household surveys is sparse in general, the fact it is included at all in 

IFLS is a strength of the survey. 
31 For the IFLS 4 sample of children ages 7-14: 46% engaged in household chores in the last month, 1% 

worked for a wage, 5% worked for a household farm business, and 3% worked for a household non-farm 

business. Children were allowed to report more than one category of work. About 50% of children were 

engaged in at least one category of work in the last month. 
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month intervals, then create a linear rainfall variable defined as the level of rainfall in 

the 3 month interval (in meters) demeaned by the historical average. I restrict to 

interviews taking place at least 2 months after the beginning of the monsoon. 

The analysis in this section uses a different functional form for the rainfall 

variables compared to previous sections. Instead of annual indicator variables for dry 

and wet years, here I use a linear rainfall variable that only pertains to the first 3 months 

of the monsoon. The reason for the change in functional form is because the outcomes 

examined in this section are different in nature. Grade progression (a stock variable) 

may be impacted by rainfall occurring throughout the entire year, and thus it is 

appropriate to use annual indicator variables for dry and wet years. However, a child’s 

labor status in the last month (a flow variable) is unlikely to have a strong relationship 

with annual rainfall variables, especially if the labor status is measured in the middle of 

the year32. Because the child labor variables pertain to the recent past, the rainfall 

variables analyzed in this section also pertain to the recent past. In particular, because 

rainfall from the early part of the growing season (the monsoon arrival) is especially 

important, I examine rainfall from the first 3 months of the growing season. 

                                                      

32 Regressing labor status outcomes on dry and wet years would make more sense conceptually if the labor 

variables pertained to the entire year and not just one point in time. For example, if information was 

available for the mean number of hours worked per week throughout the entire year. Unfortunately, this 

information is not available in IFLS for children under 15 years old (nor is it standardly available in most 

household surveys). 
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Interviews can occur up to several months after the start of the growing season, 

thus regressions include an interaction term between the linear rainfall variable and the 

number of months passed since the beginning of the monsoon. In addition to the 

reported coefficients the regressions also control for the main effect of months passed 

since the monsoon arrival, household demographics, farm ownership, gender, age, 

grade level, and interview month. Standard errors are clustered by district. 

Results are presented in table 1.6. I find that rainfall from the first 3 months of the 

growing season has a lasting impact on both school and work decisions. More rainfall 

from the early part of the growing season induces children to attend fewer hours of 

school and work more33. By looking at the coefficients for the interaction term, these 

effects are found to diminish over time. Matching the child labor pattern I find that the 

number of household members engaged in work for pay also increases with more 

rainfall. This suggests that children are performing household chores in order to free up 

other household members to be able to work for pay. 

 

 

                                                      

33 If the analysis on child labor activity is split by type of work (household chores, wage, household farm 

business, household nonfarm business) the impact of rainfall is mainly limited to household chores, though 

there is some evidence of an impact on household nonfarm business work as well. 
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Table 1.6: school hours and labor response. 

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

  

Hours School 

Last Week 

Any Work 

Last Month 

Weeks 

Worked 

Last Month 

Household 

Labor 

Last Week 

Linear Rainfall Deviation -27.48*** 0.741*** 2.864*** 1.169** 

(6.323) (0.261) (0.946) (0.502) 

Linear Rainfall Deviation * 5.228*** -0.116** -0.459** -0.198** 

   Months Since Monsoon (1.157) (0.0566) (0.206) (0.0990) 

Observations 2,813 2,818 2,815 2,818 

R-squared 0.173 0.207 0.217 0.398 

Mean of Outcome 19.7 0.5 1.8 1.7 

 

The magnitude of the estimated effects in table 1.6 are meaningful. The standard 

deviation of the linear rainfall deviation is 0.16 meters. This implies that a one standard 

deviation increase in early growing season rainfall leads to a decrease of 4.4 hours of 

school per week, or 22% compared to the mean of 19.7 hours per week (though recall 

that this effect diminishes over time). Similarly, a one standard deviation increase in 

early monsoon rainfall increases the likelihood that a child has worked in the past 

month by 12 percentage points, an increase of 24% compared to the mean of 0.5. 
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1.6.4 Prices and illness 

In addition to the result in column (3) of table 1.4 concerning the price of rice 

obtained for harvested crops, in this section I further investigate the possibility of price 

effects. Each IFLS wave contains community level information including prices for 

common foods, and I examine if rainfall from the previous year impacts the market price 

of rice in a community. For IFLS 2-4 prices were obtained from up to three sales points 

in the community, and in all waves prices were obtained from community leaders. 

When available I use the average community sales point price. Prices are deflated with a 

consumer price index to 2007 values, then converted to US dollars. 

In column (1) of appendix A table A.27 I report estimated coefficients for dry and 

wet pertaining to the previous year. The regression also controls for year and 

community fixed effects, with standard errors clustered by district. No significant effects 

are found and estimated coefficients are small, suggesting that the geographical extent 

of the rainfall variation I employ is much more localized than the market determining 

the price of rice. 

In IFLS 2-4 children ages 5-14 report the number of days of activity missed in the 

last 4 weeks due to sickness. I regress this on rainfall from the previous year along with 

the full set of controls used in equation (4), clustering standard errors by district. Results 

are shown in column (2) of appendix A table A.27. While a wet year is found to increase 
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the number of sick days, significant at the 5% level, the magnitude of the effect is very 

small. The estimated impact from a wet year is less than a day missed, at least in terms 

of this measure of illness high rainfall does not have a meaningful effect on the disease 

environment. In addition, the mean number of days missed due to sickness in the last 4 

weeks is small to begin with, suggesting that poor health is not preventing children from 

attending school. 

1.7 Discussion 

1.7.1 Non-monotonic impacts 

This study finds that both negative and positive productivity shocks can harm 

schooling attainment. In particular, this was found to be true within the same setting 

and in relation to the same source of productivity variation, a surprising and counter-

intuitive result. I find that in rural Indonesia individuals reduce their schooling 

investment when rainfall is relatively low (compared to the norm) and also when it is 

relatively high. A brief explanation for why the impact might be non-monotonic was 

given in the introduction, in this section I provide a simple theoretical framework and 

highlight empirical patterns consistent with the framework. 

The fundamental assumptions of this framework is that rainfall impacts 

schooling only through productivity (recall that price and illness effects were not 

supported by the data), and that this variation in productivity induces both an income 
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effect and a labor substitution effect. As rainfall increases, there is a productivity 

induced effect on both household income and the (shadow) wage of child labor. 

In order to emphasize the intuition for why there might be non-monotonic 

impacts, first consider a case where the income and substitution effects are additive. In 

appendix B figure B.6 is depicted two scenarios, one in which both the income and 

substitution effects vary linearly with rainfall, and one in which they vary non-linearly. 

In the linear case, the net effect is that rainfall impacts schooling in a linear and 

monotonic fashion (as the sum of two linear functions is linear). But in the non-linear 

case, if we sum the two effects the net effect is hump shaped and non-monotonic. The 

key takeaway is that if the income effect is especially negative at the low end of the 

rainfall distribution, or if the substitution effect is especially negative at the high end of 

the rainfall distribution, this can give rise to a non-monotonic relationship. 

More generally, without assuming additive effects, consider an education 

production function: 

8[9(�), �(�), … ] 

Education is a function of household income I and the (shadow) wage of child 

labor w, both of which depend in part on rainfall r. Education depends on other 

variables as well, but these are not explicitly displayed. The derivative of education with 

respect to rainfall is equal to: 
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Under the following assumptions, the sign of this derivative is ambiguous: 

1. Education is a normal good, 
<=
<> > 0. 

2. Rainfall increases productivity, which leads to more household income, 
<>
<A > 0. 

3. There is a meaningful opportunity cost of school, schooling decreases in 

response to the wage of child labor, 
<=
<B < 0. 

4. Rainfall increases productivity, which leads to a higher child wage, 
<B
<A > 0. 

Not only is the sign of the derivative ambiguous, but in fact the sign may change 

from positive to negative as rainfall increases. In particular, this would happen if the 

income effect term, 
<=
<>

<>
<A, is especially strong for low values of rainfall but becomes much 

weaker for high values, or if the substitution effect term, 
<=
<B

<B
<A , is weak for low values of 

rainfall but becomes especially strong for high values. It should be emphasized that for 

the sign of the derivative to change requires at least one of the income and substitution 

effect terms to strongly vary in strength, but not necessarily both of them. 

Why might the income effect be especially harmful at low levels of rainfall? The 

setting of this study is characterized by imperfect credit markets and high secondary 

school fees. These two features may make it especially onerous to pay for secondary 

school after low rainfall. Households are faced with high costs, low current income, and 
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find it difficult to borrow in order to supplement their cash reserves. As a result, if 

secondary school cannot be paid for out of pocket households may choose to forgo the 

investment. If so, this provides a natural threshold below which the income effect 

becomes especially damaging. 

The substitution effect may be especially strong at high levels of rainfall if child 

labor is used as a last resort after first utilizing adult labor. This study provides 

suggestive evidence consistent with this behavior, in particular the negative effect of 

high rainfall on schooling was found to be mitigated by the number of household 

members aged 15 and over34. Households can turn to non-family hired adult labor as 

well, though if hired labor entails increased monitoring costs households may choose to 

use family child labor before hired labor. For rural Indonesia, LaFave and Thomas (2013) 

find evidence against the importance of monitoring costs. However, even if family and 

hired labor were perfect substitutes, because high rainfall affects the entire community 

both family and hired adult labor may become exhausted at some point35. 

Finally, it is worth noting that the above circumstances are fairly common across 

the developing world. And indeed, the prior literature provides results from several 

settings showing that negative productivity shocks harm schooling, and a few results 

                                                      

34 See section 1.5.3 and table 5. This evidence is merely suggestive as household size may be correlated with 

a number of other characteristics. 
35 The adult labor supply does not need to become literally exhausted, but only that the marginal cost 

becomes high enough. 
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indicating that positive productivity shocks can also harm schooling. In contrast to most 

of the prior literature, this study examines both negative and positive productivity 

shocks within the same setting, finding a “double burden” of productivity variance. 

However, because imperfect credit markets, high costs of schooling, and use of child 

labor is common across the developing world, the finding of a non-monotonic impact 

may have broad relevance. 

1.7.2 Conclusion 

This paper shows that shocks experienced during school age not only have short 

term impacts on schooling but can also cause permanent harm to individual welfare 

many years after. I find that in rural Indonesia, an agriculture dependent setting, both 

low and high levels of locality-specific annual rainfall during school age have long-run 

negative impacts on completed schooling and adult income. I argue these results are 

causal and not due to unobserved heterogeneity by providing evidence against the 

occurrence of selective fertility. 

To put the magnitude of the estimated effect sizes into context, Duflo (2001) finds 

that a national school construction program undertaken in Indonesia during 1973-1978 

led to an increase of between 0.12-0.19 years of schooling and 1.5%-2.7% in wages for 

each constructed school per 1,000 children. The analysis of this study indicates that a 



 

 

49

single dry or wet year experienced between ages 7-15 has a greater impact, leading to a 

decrease of 0.2 years of schooling and 5% in annual income. 

The primary hypothesized mechanism by which rainfall affects schooling is 

through labor productivity, and in support of this I find that rice output and annual 

income are both increasing in rainfall from the past year. Rainfall may affect schooling 

through other channels as well, though I find the price of rice (the most important crop 

in Indonesia) and days of activity missed due to illness are not meaningfully changed by 

local rainfall variation. 

I provide evidence that much of the effect of rainfall on completed schooling is 

though a decreased likelihood of entering secondary school. Because in Indonesia 

secondary school is a costly investment, my interpretation is that after years of low 

rainfall households are less able to afford secondary school. More surprising is the 

negative effect of high rainfall. The impact may be occurring through a labor 

substitution effect, and in support of this I find that children attend fewer hours of 

school and work more in response to higher levels of rainfall from the early part of the 

growing season. I interpret this decrease in schooling on the intensive margin as 

plausibly affecting the transition to secondary school through a decrease in learning. 

The occurrence of dry and wet years throughout the life-course should balance 

out. If households had more effective means to smooth their income across years, the 
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timing of low rainfall in relation to a child’s schooling years should matter less. The 

results of this study indicate that existing consumption smoothing mechanisms in rural 

Indonesia do not fully protect households, suggesting there may be a role for formal 

credit and insurance. These findings also provide justification for targeted financial 

assistance after droughts, specifically to households with children near the transition 

into secondary school, or outright elimination of school fees. 

If labor substitution is the dominant mechanism driving the impact from high 

rainfall, any policy that helps children remain in school would ideally address the 

increased demand for labor as well. Labor augmenting technologies might allow adults 

more time to complete household tasks without relying on help from children. 

Alternatively, school holidays or workloads could be modified to better accommodate 

the timing of labor demand in relation to the growing season. If such policies or other 

methods can help children remain in school, this study suggests the benefits on earnings 

will be felt throughout the child’s adult life.
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2. Returns to schooling in Indonesia 

 The rate of return to investment in schooling has been estimated across 

developing countries for the past several decades. Returns to labor market earnings have 

generally been found to be positive and on the order of 10 percent per additional year of 

schooling (Montengro & Patrinos 2013). However, few studies have controlled for 

endogenous selection into schooling and the associated omitted variables bias in a 

convincing manner. 

In this chapter, I provide a new estimate of the returns to schooling in a 

developing country setting using an instrumental variables approach. My empirical 

strategy relies on the analysis in chapter 1, where I showed that in Indonesia individuals 

who experience low and high rainfall during school age have permanently decreased 

schooling as adults, as well as less adult earnings. In this chapter, I connect the results on 

schooling and earnings by estimating the implied returns to schooling, using low and 

high rainfall as instruments for schooling attainment. 

2.1 Background 

Since the 1970s, Psacharopoulos and colleagues have reported on estimated 

returns to schooling in developing countries, collecting results from many studies 

conducted across the world (Psacharopoulos 1972, Psacharopoulos 1973, 

Psacharopoulos 1985, Psacharopoulos 1989, Psacharopoulos 1994, Psacharopoulos & 
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Patrinos 2004, Psacharopoulos & Patrinos 2012). Overall, the average rate of return to 

earnings from an additional year of schooling has been found to be about 10 percent, 

though with substantial variation across countries. 

A point raised by Psacharopoulos & Patrinos (2004) is that conclusions from 

different studies may not be comparable. At issue are differences in survey sample 

representativeness and regression methodology (in particular, the set of control 

variables used). With these points in mind, Montengro & Patrinos (2013) conduct 

analysis on 131 countries using 545 surveys, employing sample weights to maintain 

population representativeness and maintaining consistency of estimation procedure. 

Most of their data comes from the period 2000-2011, and from the regions of Latin 

America and the Caribbean. 

Using these standardized methods, Montengro & Patrinos (2013) estimate the 

impact on log earnings from years of schooling, controlling for labor market potential 

experience1. They find an average rate of return of about 10 percent. Restricted to the 

East Asia and Pacific region (which includes Indonesia), they also find an average return 

of about 10 percent. 

Aside from survey sample representativeness and regression methodology, an 

equally if not more serious concern is that years of schooling is endogenous. Education 

                                                      

1 Computed as (age – years schooling – 6). 
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attainment is a choice individuals make, likely correlated with unobserved and 

potentially unobservable individual level characteristics. Analysis based only on OLS or 

fixed-effects regressions are subject to omitted variables bias due to the failure to control 

for ability and motivation endowments and any other factors such as physical capital 

and non-school forms of human capital that may be correlated with observed years of 

schooling (Behrman 2010). 

One of the few exceptions is the study of Duflo (2001). She analyzes a plausible 

“natural experiment”, where in Indonesia a rapid school construction program was 

undertaken by the national government. Using the school construction program to 

instrument for years of schooling, she estimates returns to schooling ranging from 6.8 to 

10.6 percent. The results from Duflo (2001) provide an interesting and potentially 

informative comparison to the results I report in this chapter, as my analysis also 

pertains to Indonesia and covers a similar period of history. Further discussion will be 

provided at the end of this chapter in section 2.4. 

2.2 Data and empirical strategy 

2.2.1 Data 

Individual-level data used in this chapter is comprised of information on 

earnings, schooling, and a few other characteristics for a sample of 5,604 Indonesia adult 

males born between 1945-1974. Data on these individuals comes from the third wave of 
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the Indonesian Family Life Survey, which was described in chapter 1 section 1.2.1. On 

average this sample has 7.6 years of schooling and is 38 years old at the time of survey in 

2000. Information on earnings from the last year is available for 5,104 of the sample 

(91%), and this averages 550 US dollars. 

These individuals are matched to rainfall occurring during school age at place of 

birth. Rainfall data is obtained from the Global Precipitation Climatology Centre 

(GPCC), and was described in chapter 1 section 1.2.2. 

2.2.2 Empirical strategy 

In chapter 1, I showed that the occurrence of dry and wet years between the ages 

of 7-15 lead to a decrease in schooling, with a negative marginal impact of about 0.2 

years of school. In addition, this lead to a marginal decrease in earnings of about 5 

percent. In this chapter, I connect the results on schooling and earnings by estimating 

the implied returns to schooling. This is done by using dry and wet years as 

instrumental variables for schooling in a two-stage least squares (2SLS) regression. In the 

first-stage, variation in schooling is predicted by occurrence of dry and wet years, and in 

the second stage log earnings is regressed on the predicted values of schooling from the 

first-stage. 
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Specifically, in the first-stage I estimate the following: 

 

8�D��� = �E + 
EE����� + 
E������ + )E*��+,�ℎ���� + �E���� + �E�����ℎ����� + !���      (2.1) 

 

The outcome 8�D��� is the final grade attainment (in years) for individual i born 

in birth-district j in year t. The regressors ����� and ����� are the number of dry and wet 

years from ages 7 through 15 experienced by an individual born in birth-district j in year 

t. The vector *��+,�ℎ���� controls for dry and wet years before age 7 and after age 15. 

Specifically, it includes yearly indicators for dry and wet from 9 years prior to birth 

through age 6, and from ages 16 through 24. The vector ���� includes fixed effects for 

birth in a small town rather than a village, birth-year, and birth-district. The term 

�E�����ℎ����� controls for a birth-district j specific linear trend in birth-year t. Finally, !��� 

is the error term, and standard errors are clustered by district. 

After obtaining predicted values for 8�D��� from the first-stage, in the subsequent 

second-stage regression log earnings from the past year is regressed on these predicted 

values and the set of controls from equation (2.1). Specifically, the second-stage equation 

is as follows: 

 

5F/G���+�+/0���H = �� + 
�8�D��� + )�*��+,�ℎ���� + ������ + �������ℎ����� + !���      (2.2) 
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In chapter 1 I showed that dry and wet years lead to decreases in schooling, 

suggesting that the relevance condition for instruments is satisfied. In the next section I 

also report standard weak instrument tests from the first-stage. A priori, the exogeneity 

condition for these instruments is likely to hold because individuals cannot directly 

affect the weather. In addition, recall in chapter 1 section 1.4.3 the instruments were 

shown to be unrelated to parental characteristics, providing empirical support for the 

exogeneity assumption. 

Finally, a valid instrument must satisfy an exclusion restriction: dry and wet 

years are only allowed to affect earnings through their impact on years of schooling. In 

principle, this condition is unlikely to be perfectly satisfied. In chapter 1 I showed that 

rainfall affects agricultural productivity, leading to both an income and labor 

substitution effect. Household income and child labor opportunities during school age 

may impact adult earnings, and this may occur separately from any impact through 

schooling. This caveat regarding the exclusion restriction is a concern, and I return to 

this point again below. 
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2.3 Results 

2.3.1 Estimated returns to schooling 

The main results from estimating equation (2.2) are presented in column (1) of 

table 2.7. Note that 15 individuals were dropped because there was no other sample 

individual born in their birth-district. Each additional year of schooling is found to have 

a large positive impact on annual earnings, in fact a 25 percent rate of return (significant 

at the 5% level). 

Table 2.7: 2SLS estimate of returns to schooling. 

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

  

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

        

edu 0.25** 0.26** 0.23** 0.23** 

(0.11) (0.11) (0.10) (0.10) 

Observations 5,089 5,089 5,589 5,589 

R squared 0.027 - 0.057 0.044 

dry and wet, IV 

separately X X 

dry and wet, IV combined X X 

missing earnings imputed     X X 

 

However, weak instrument tests from the first-stage indicate the results in 

column (1) should be interpreted with caution. In column (1) of table 2.8, I report the 

associated first-stage results. Both dry and wet years lead to a decrease in schooling, but 
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the estimate for dry years is not statistically significant. Furthermore, the Cragg-Donald 

and Kleibergen-Paap F statistics do not compare favorably to the critical values for 

maximal IV size (Stock & Yogo 2005), even at the 25% level. 

Table 2.8: first-stage results. 

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

  edu edu edu edu 

        

dry -0.17 -0.19** 

(0.11) (0.08) 

wet -0.23** -0.23*** 

(0.12) (0.08) 

rain shocks -0.20** -0.21*** 

(0.09) (0.06) 

Observations 5,089 5,089 5,589 5,589 

R squared 0.3 0.3 0.3 0.3 

Cragg-Donald F 5.1 9.8 6 11.8 

Kleibergen-Paap F 2.4 4.7 2.6 5.2 

Stock-Yogo critical value 

    maximal IV size, 25% 7.25 5.53 7.25 5.53 

    maximal IV size, 15% 11.59 8.96 11.59 8.96 

dry and wet, IV 

separately X X 

dry and wet, IV combined X X 

missing earnings imputed     X X 
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In light of this, in column (2) of tables 2.7 and 2.8 I redo the analysis by 

combining dry and wet years into a single instrumental variable, equal to their sum and 

referred to as “rain shocks”. This increases precision of the instrument by assuming dry 

and wet years have the same impact on schooling, and indeed in column (1) of table 2.8 

we see that their coefficient estimates are quite similar. The 2SLS estimation using 

combined dry and wet years as the instrument leads to a 26 percent rate of return, nearly 

identical with the previous result. The associated first-stage results, reported in column 

(2) of table 2.8, indicates a more favorable result to the weak instrument tests. The 

Kleibergen-Paap F statistic almost passes the 25% critical value, while the Cragg-Donald 

F statistic passes even the 15% critical value. 

In an effort to further increase the strength of the instruments, in columns (3)-(4) 

of tables 2.7 and 2.8 I impute missing values for earnings data. This leads to greater 

instrument precision by increasing the sample size, as previously in the first-stage 

individuals without earnings data (but who do have schooling information) were 

dropped. To impute values for missing earnings data, my approach is to be conservative 

and assume for these individuals that schooling has zero impact on earnings. 

Essentially, I impute missing values which will be swept away by the birth-district and 

birth-year fixed-effects. 
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This is done by calculating a birth-district average level of earnings, and a birth-

year cohort average (minus the average for the earliest cohort, making the difference a 

cohort trend) among individuals who have complete earnings data. Missing values for 

earnings is set to be the sum of the birth-district average and the birth-cohort average. 

Because regressions control for both a birth-district fixed-effect and a birth-cohort fixed-

effect, variation in earnings for imputed observations will be entirely swept away by the 

fixed effects and so by construction should be unrelated to variation in schooling. 

By imputing missing values for earnings and thereby increasing the sample size, 

we obtain an increase in instrument strength for the first-stage and in the weak 

instrument F statistics, as shown in columns (3)-(4) in table 2.8. However, the weak 

instrument test when using dry and wet years separately as instruments still does not 

come out favorably. When combining dry and wet years, again the Kleibergen-Paap F 

statistic almost passes the 25% critical value and the Cragg-Donald F statistic passes the 

15% critical value. 

2.3.2 Does the exclusion restriction hold? 

A valid instrument must satisfy an exclusion restriction: dry and wet years are 

only allowed to affect earnings through their impact on years of schooling. In chapter 1, 

dry and wet years were shown to affect schooling through its impact on agricultural 

productivity. The exclusion restriction may be violated, then, if household income and 
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child labor opportunities during school age affect adult earnings through mechanisms 

other than years of schooling, such as through the type of employment an individual 

obtains immediately after finishing their schooling. Another possibility is that rainfall 

variation could affect the quality of schooling and not just the years of schooling 

attained. For example, children may learn less if they attend fewer hours of school per 

week, or if households choose to spend less on school inputs such as textbooks and other 

supplies. 

Table 2.9: returns to schooling, reduced form estimate. 

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

  

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

            

edu 0.10*** 0.10*** 0.09*** 0.09*** 

(0.004) (0.004) (0.004) (0.004) 

dry -0.05** -0.03 -0.05** -0.03 

(0.02) (0.02) (0.02) (0.02) 

wet -0.05* -0.03 -0.05* -0.03 

(0.03) (0.03) (0.03) (0.03) 

Observations 5,089 5,089 5,089 5,589 5,589 5,589 

R squared 0.29 0.16 0.29 0.28 0.17 0.28 

missing earnings 

imputed       X X X 
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As a test of whether dry and wet years affect earnings only through years of 

schooling, table 2.9 presents results from reduced form impacts of schooling and rainfall 

on log earnings. This analysis does not instrument for schooling, but instead log 

earnings is directly regressed on years of schooling, dry and wet years, and the control 

variables used in equations (2.1) and (2.2). In column (1) log earnings is regressed only 

on years of schooling (and the controls), in column (2) regressed only on the rainfall 

variables, and in column (3) regressed on both years of schooling and the rainfall 

variables. Columns (4)-(6) repeats the analysis with imputed values for missing 

earnings, using the method described previously. 

If dry and wet years affect earnings only through years of schooling, we would 

expect their estimated impact to vanish once we control for years of schooling. 

Comparing columns (2) and (3), the estimated coefficients on dry and wet years decrease 

and are no longer significant when we control for years of schooling. However, the 

coefficients are still of a meaningful magnitude, and the coefficient on wet years is close 

to significant at the 10% level. The same conclusions are reached when we look at the 

analysis using imputed values for missing earnings in columns (4)-(6). 

Analogous to what was done previously, if we assume that dry and wet years 

have the same magnitude of impact on earnings (and note the estimated coefficients are 

very similar), then we can combine them into a single variable equal to the sum of dry 
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and wet years. This is done in table 2.10, where the combined sum of dry and wet years 

is again referred to as “rain shocks”. The analysis in table 2.10 repeats that of table 2.9, 

except that in place of dry and wet years regressions control for rain shocks. 

Table 2.10: returns to schooling, reduced form estimate. 

  (1) (2) (3) (4) (5) (6) (7) (8) 

  

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

log 

earnings 

                

edu 0.10*** 0.10*** 0.09*** 0.09*** 

(0.004) (0.004) (0.004) (0.004) 

rain shocks -0.05*** -0.03* -0.03* -0.05*** -0.03* -0.03* 

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) 

Observations 5,089 5,089 5,089 5,089 5,589 5,589 5,589 5,589 

R squared 0.29 0.16 0.29 0.29 0.28 0.17 0.28 0.28 

years of 

schooling 

fixed-effects X X 

missing 

earnings 

imputed         X X X X 

 

Here, I find that controlling for years of schooling, the impact of combined dry 

and wet years is still negative and significant. This is true even if instead of controlling 

linearly for years of schooling, I control for a set of fixed-effects for years of schooling, 

which is shown in columns (4) and (8). This means that even if we restrict our 
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comparison to individuals who achieved the same final grade level, those who 

experienced more dry and wet years have less earnings as adults. This strongly suggests 

that the exclusion restriction does not hold, and recall several reasons why rainfall could 

affect earnings through channels other than years of schooling were mentioned above.  

2.3.3 Accounting for the failure of the exclusion restriction 

 In this section, I employ a novel method to directly account for the likely failure 

of the exclusion restriction. The results in table 2.10 strongly indicate that rainfall affects 

earnings through channels other than years of schooling. Rainfall, then, belongs in the 

earnings equation even after accounting for schooling. In other words, it is not 

excludable from the earnings equation. Thus, we would like to estimate: 

�� = 
��D� + �0ℎFIJ0� + ��� + !� 

 In the above, rainfall shocks have been added to the earnings equation. The 

outcome �� is log earnings, ��D� is years of schooling, 0ℎFIJ0� is the sum of dry and wet 

years experienced between ages 7-15, �� is a vector of controls, and !� is the residual. The 

term �0ℎFIJ0� is meant to capture all channels other than schooling that rainfall may 

affect earnings through, without explicitly expressing what those channels might be. 

Rainfall is still assumed to be exogenous in the sense that 8(0ℎFIJ0� ∗ !�) = 0. 

Unfortunately, we cannot proceed with a 2SLS procedure. We no longer have an 

instrument that is excludable from the earnings equation. To overcome this problem, the 
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method I propose in this chapter is to estimate an additional equation. In essence, this 

additional equation allows us to identify the coefficient � on the rainfall shocks variable 

by sweeping out variation in years of schooling. 

A crucial aspect of years of schooling is that it is a count variable, it is not a 

continuous variable but only takes on values in the natural numbers (0, 1, 2, …).  This 

allows us to transform the earnings equation by subtracting a within-grade mean from 

each observation. Furthermore, this removes years of schooling from the equation, as by 

construction years of schooling is fixed if we look at within-grade individuals. In 

particular, after transforming the earnings equation we obtain: 

��∗ = 
��D�∗ + �0ℎFIJ0�∗ + ���∗ + !�∗ 

K���∗ = K��� − 1
LM

N K��� ∗ 9(��D� = /)
O

�PE
 

LM = N 9(��D� = /)
O

�PE
 

 In the above, K��� denotes any of the variables in the regression. L is the total 

number of individuals, and LM is the number of individuals with final grade attainment 

equal to /. Again, because years of schooling is fixed if we restrict to within-grade 

individuals, we have ��D�∗ = 0. 
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Thus we now have the following set of equations: 

�� = 
��D� + �0ℎFIJ0� + ��� + !� 

��D� = )0ℎFIJ0� + Q�� + D� 

��∗ = �0ℎFIJ0�∗ + ���∗ + !�∗ 

 This system of equations is identified, because the transformed third equation 

allows us to identify �. The second equation is analogous to the usual first-stage IV 

regression where the endogenous schooling variable is predicted by the exogenous 

rainfall variable. If not for the third equation, we could not identify both 
 and � in the 

first equation, because the (predicted) schooling variable would be perfectly collinear 

with the rainfall shocks variable. 

Intuitively, the third equation allows us to estimate the impact of rainfall shocks 

independent of schooling, which can be interpreted as capturing all channels other than 

schooling through which rainfall affects earnings. Given knowledge of the strength of 

these non-schooling channels, we can take this into account in the first equation, and 

assign the remaining impact on earnings to the (predicted) schooling variable. 

Results from estimating the system of three equations by multiple equation 

generalized method of moments (GMM) is shown in table 2.11. As before, regressions 

cluster standard errors at the birth-district level. I find that the estimated returns to 

schooling decreases substantially in magnitude after accounting for the impact of 

rainfall through other channels. Previously, estimates were found on the order of a 25 
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percent return per year. Results in this section, however, indicate a return on the order 

of 8 percent per year. 

Table 2.11: accounting for violation of exclusion restriction. 

  (1) (2) 

  

log 

earnings 

log 

earnings 

    

edu 0.083*** 0.076*** 

(0.008) (0.007) 

rain shocks -0.036*** -0.032*** 

(0.016) (0.016) 

Observations 5,089 5,589 

missing earnings 

imputed   X 

 

The decreased magnitude of estimates makes intuitive sense, given the results in 

table 2.10. In table 2.10, we see that without accounting for years of schooling, rainfall 

shocks have a -5% impact on earnings, seen in column (2). Once we include years of 

schooling fixed-effects, rainfall shocks still have a roughly -3% impact on earnings. This 

suggests that only about 2 out of the 5 percentage point decrease from rainfall shocks 

was due to schooling. If we scale the estimated 25 percent return by 2/5, we obtain a 10 

percent return, roughly the same as the multiple equation GMM results shown in table 

2.11. 
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2.4 Discussion 

In this chapter, I provided a new estimate of the returns to schooling in a 

developing country setting using an instrumental variables approach. The reduced form 

estimate for the returns to schooling in Indonesia is found to be 10 percent. This is 

similar to estimates obtained from other developing countries, as documented by 

Psacharopoulos & Patrinos (2004) and by Montengro & Patrinos (2013). The 

instrumental variables estimate in this chapter, which accounts for endogeneity in years 

of schooling, produces a rate of return between 23-26 percent. However, once I account 

for possible violation of the IV exclusion restriction, I estimate a return of about 8 

percent. 

It is of interest to compare the results of this study to those reported in Duflo 

(2001). She also estimates returns to schooling in Indonesia, using a school construction 

program to instrument for years of schooling, and finding returns to schooling ranging 

from 6.8 to 10.6 percent. Note that Duflo looks at a national sample of men born between 

1950-1972, a very similar cohort to that used in this chapter (who were born between 

1945-1974). 

The estimates in Duflo (2001) match closely to those in this chapter once I 

account for violation of the exclusion restriction. Given the similarity of our estimates, 
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this provides some further confidence that the method I employed to account for 

violation of the exclusion restriction produced reasonable results. 

Lastly, though, it is important to note that the school construction program 

studied by Duflo was one that constructed primary schools, and subsequently she finds 

that the program was effective at increasing completion rates in primary school, but had 

little or no effect beyond. Thus, her estimated returns to schooling pertains mainly to 

returns from completing additional years of primary school. 

In contrast, I find that the effect of dry and wet years on decreasing schooling is 

strongest beyond the primary levels. This is indicated by results in table 2.12, where I 

have estimated the impact of dry and wet years on a set of indicator variables 

I(Grade≥g) for whether an individual has completed at least g years of schooling. 

I find that dry and wet years do not have much of an impact on completion of 

grades during primary (grades 1-6). Instead, they have a stronger impact on completion 

of grades in junior secondary and beyond. This indicates that the estimated returns to 

schooling in this chapter pertain mainly to returns from completing additional years of 

secondary school. This is another important point to keep in mind when comparing the 

results in this chapter to those from Duflo (2001). 
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Table 2.12: impact of rainfall on distribution of grade attainment. 

              

Outcome dry wet Observations R squared 

coef se coef se 

              

I(Grade≥1) -0.00838 (0.00735) -0.000714 (0.00639) 5,589 0.200 

I(Grade≥2) -0.00852 (0.00863) -0.00292 (0.00846) 5,589 0.199 

I(Grade≥3) -0.0171* (0.00984) -0.0124 (0.00944) 5,589 0.217 

I(Grade≥4) -0.0162 (0.0107) -0.0141 (0.00999) 5,589 0.240 

I(Grade≥5) -0.0132 (0.0108) -0.0153 (0.0111) 5,589 0.253 

I(Grade≥6) -0.0144 (0.0113) -0.0155 (0.0117) 5,589 0.256 

I(Grade≥7) -0.0167 (0.0102) -0.0143 (0.0118) 5,589 0.268 

I(Grade≥8) -0.0178* (0.0101) -0.0134 (0.0120) 5,589 0.260 

I(Grade≥9) -0.0187* (0.00988) -0.0170 (0.0121) 5,589 0.258 

I(Grade≥10) -0.0169* (0.00878) -0.0210* (0.0110) 5,589 0.245 

I(Grade≥11) -0.0168* (0.00864) -0.0184* (0.0109) 5,589 0.242 

I(Grade≥12) -0.0153* (0.00850) -0.0219** (0.0107) 5,589 0.242 

I(Grade≥13) -0.00301 (0.00491) -0.0169*** (0.00609) 5,589 0.162 

I(Grade≥14) -0.00254 (0.00507) -0.0172*** (0.00555) 5,589 0.162 

I(Grade≥15) -0.00142 (0.00423) -0.0113*** (0.00419) 5,589 0.154 

I(Grade≥16) -0.000352 (0.00427) -0.0123*** (0.00406) 5,589 0.154 

I(Grade≥17) -0.00132 (0.00101) -0.00215* (0.00113) 5,589 0.194 

I(Grade≥18) -0.00106 (0.000980) -0.00215* (0.00112) 5,589 0.211 
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3. Formal credit and risk-coping: the Thai Million Baht 
Village Fund Program. 

Microfinance has the potential to improve welfare not only through aiding 

entrepreneurship, but also by directly increasing consumption levels. Poor households 

in developing countries experience many kinds of economic shocks which can lead to 

decreases in consumption and other coping behavior, sometimes with long-term 

negative consequences. A common hypothesis is that households have difficulty 

smoothing consumption due to imperfect credit markets. If so, improved access to credit 

should help households cope with negative shocks. However, rigorous empirical 

evidence on this topic is lacking. 

While several studies have analyzed the direct effect of microfinance on 

consumption, they generally find little impact. In contrast, this study examines whether 

there are heterogeneous impacts. In particular, I investigate whether households use 

credit to maintain consumption levels after the occurrence of negative shocks. 

The microfinance program I study is Thailand's Million Baht Village Fund 

Program, one of the largest government microfinance initiatives ever implemented. 

Every Thai village was eligible for 1 million baht (about $24,000) for purposes of within-

village lending. Villages received the same amount of funds regardless of population, 

inducing variation in access to credit related to village size. Kaboski & Townsend (2012) 

provide evidence that village size is unrelated to pre-program outcomes and trends, and 
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analyze the direct impact of the program on a number of outcomes including 

consumption levels. 

Building on the work of Kaboski & Townsend (2012), in this study I focus on the 

heterogeneous impact of program credit in the face of productivity shocks. I make use of 

rainfall as a plausibly exogenous source of variation to productivity in rural Thailand, an 

agriculture dependent setting. I show that occurrence of low rainfall has a strong 

negative impact on consumption levels. The main finding of this study is that at the 

average level of borrowing from the program, the negative impact of low rainfall on 

consumption is completely mitigated. 

The rest of this chapter is organized as follows. Section 3.1 reviews the literature 

and discusses the Million Baht Village Fund Program. Section 3.2 describes the data and 

the empirical specification, including a description of how key variables are constructed. 

Section 3.3 presents the results. Section 3.4 concludes. 

3.1 Background 

3.1.1 Prior literature 

Increased access to credit can affect investment and consumption in a number of 

ways. Investment can be funded immediately without cutting back on current 

consumption. If large discrete investments are undertaken with credit, consumption 

could decrease to provide additional funds. Similarly, large discrete consumption 
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purchases (such as a fridge or television) may occur at the expense of other current 

expenditures and future consumption. Another possibility, especially relevant to this 

study, is that households may borrow in order to help maintain consumption levels after 

the occurrence of negative economic shocks. 

Recently, several studies have employed randomized controlled trials (RCTs) to 

measure the impact of microfinance on household outcomes (Banerjee et al 2015; Crepon 

et al 2015; Attanasio et al 2015; Gine & Mansuri 2014; Augsburg et al 2015; Karlan & 

Zinman 2010; Karlan & Zinman 2011). A review is provided in Banerjee (2013). These 

RCT studies have focused on the direct effect of credit on investment and consumption 

behavior. While these studies examine a range of different types of microfinance 

interventions, they consistently find that increased access to credit leads to business 

creation and expansion in the short-term. On the other hand, results concerning 

consumption are more varied. 

Banerjee et al (2015) evaluate a microlending program in Hyderabad, a large 

urban center in India. They find increased consumption of durables, but no effect on 

nondurables. Crepon et al (2015) examine a program in rural Morocco, finding no 

average effect on consumption. Looking deeper, they see a small decline in consumption 

for households with business opportunities, and a small increase among households 

without business opportunities. Reporting on a trial in Mongolia, Attanasio et al (2015) 
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find increased durables consumption and food consumption. Gine & Mansuri (2014) 

study a program in Pakistan and find increased consumption, but their estimates are not 

statistically significant. Augsburg et al (2015) look at a program in Bosnia-Herzegovina 

and find decreased consumption among less educated individuals. From a study in 

South Africa, Karlan & Zinman (2010) find increased consumption in a number of 

categories, and less reported experience of hunger. In another study in the Philippines, 

Karlan & Zinman (2011) find no effect on consumption. 

Also reviewed in Banerjee (2013) is the study of the Million Baht Village Program 

by Kaboski & Townsend (2012) , who analyze the direct impact of the program on a 

number of outcomes including consumption. While not an RCT study, Kaboski & 

Townsend (2012) use the program as a quasi-experiment, instrumenting for program 

credit with pre-program village size. They provide evidence that village size is 

exogenous by showing it is not spatially autocorrelated, nor correlated with geographic 

features, and is unrelated to pre-program outcomes and trends. Kaboski & Townsend 

(2012) find small increases in food, alcohol, and tobacco consumption. They find much 

larger increases on expenditures for house and vehicle repairs. 
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The above studies all focus on the direct effect of credit, whereas in this study I 

focus on the heterogeneous impact of credit in the face of productivity shocks1. In terms 

of overall approach, this study is most similar to Gertler et al (2009) and Islam & Maitra 

(2012), who both examine whether access to credit affects how households respond to 

health shocks. It is not clear, though, that occurrence of health shocks is unrelated to 

unobserved household characteristics. In addition, Gertler et al (2009) rely on 

geographical distance to financial institutions, and Islam & Maitra (2012) rely on 

household self-reported access to microcredit. Given the likely non-random placement 

of financial institutions, both these measures of credit are subject to endogeneity 

concerns. In the present study I examine a different type of shock, in particular 

productivity shocks proxied by local rainfall variation, a plausibly exogenous natural 

experiment. I then combine this natural experiment in occurrence of shocks to a 

plausibly exogenous quasi-experiment in access to credit. The credit program I study is 

explained below. 

                                                      

1 There is some indirect evidence from the previously mentioned studies that households use credit as a 

consumption-smoothing tool. Karlan & Zinman (2011) find credit leads to decreased demand for other risk-

mitigation tools (in particular, various forms of insurance). Karlan & Zinman (2010) find that credit helped 

individuals maintain employment, potentially by smoothing or avoiding shocks (although they do not 

incorporate any direct measurements of shocks in their analysis, so there may be other reasons individuals 

are able to keep their jobs). 
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3.1.2 The Million Baht Village Fund Program 

The key feature of the Million Baht Village Fund Program was to provide 1 

million baht (about $24,000) to every Thai village (which are precisely defined 

geopolitical units) for the purpose of within-village lending. The intention was to create 

self-sustaining funds to promote economic development in underprivileged areas. The 

program arose as part of Prime Minister Thaksin Shinawatra's election platform during 

late 2000. The Thai Parliament was dissolved in November 2000, with elections set to be 

held shortly after in January 2001. Thaksin won the election and the program was 

rapidly implemented during 2001. 

The Thai government provided villages with manuals describing rules and 

operation of the funds. Most of these guidelines were informal suggested policies, 

except for limits on loan size and duration. To receive funds, each village formed a 

committee (by democratic election) who then submitted an application to be evaluated 

by government officials. In rural areas, funds are held by the Bank for Agriculture and 

Agricultural Cooperatives (BAAC). When a loan is granted it is transferred by the BAAC 

to a household account. Government officials provided oversight and guidance, and 

local teaching colleges conducted audits and evaluations. Villages were told that if funds 

were abused they would be offered no further assistance, whereas well-managed funds 

were promised additional grants. 
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The village funds are primarily administered by the elected village committees. 

The funds, though, have no official employees or buildings. Committee members were 

allowed to divide 10 percent of fund profits among themselves as compensation, but few 

funds chose this option. One villager serves as an accountant and maintains detailed 

records of all transactions. 

A key responsibility of the committee is to decide who receives loans, based on 

criteria such as ability to repay, reason for borrowing, and amount requested. For a 

household to borrow they must become a member of the fund, with the primary 

requirement being residence within the village. In practice the vast majority of 

households became members. The loan size is typically not allowed to exceed 20,000 

baht (about $440). Households are allowed to borrow up to 50,000 baht if approved by 

all members of the fund. Loans were required to be repaid within one year. 

Villagers claim that they were required to charge a positive rate of interest 

(Kaboski & Townsend 2012). A given village fund set a standard nominal interest rate to 

all borrowers, varying from 2 to 12 percent across villages. Two guarantors were 

generally needed, and some funds also required collateral. Repayment of loans was 

high. Kaboski & Townsend (2012) look at 64 villages in the Townsend Thai Survey and 

estimate throughout the first 6 years of the program the fraction of credit in default 

never exceeds 4 percent. 
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3.1.3 The program as a quasi-experiment 

As argued in detail by Kaboski & Townsend (2012), there are several reasons to 

regard the program as a credible quasi-experiment. First, it is unlikely that households 

would have anticipated the program in earlier years. Recall the program was part of 

Thaksin Shinawatra's election platform in late 2000. The election was announced after 

the Thai parliament was dissolved in November 2000, and voting took place only 2 

months after in January 2001. The "surprise" nature of the program thus mitigates 

concerns regarding pre-program migration. Second, the program provided 1 million 

baht to each village, regardless of village size, inducing variation across villages in 

available program credit per household. That is, villages with fewer households 

received more program funds per household. And indeed, inverse village size at the 

beginning of the program significantly predicts household borrowing from the program. 

A priori, variation in village size is plausibly exogenous because Thai villages are 

geopolitical units; they are divided and redistricted for administrative purposes, with 

the decisions driven by conflicting goals of multiple agencies (Puginier 2001, Arghiros 

2001). Kaboski & Townsend (2012) go on to empirically demonstrate that village size is 

not spatially autocorrelated, nor correlated with geographic features, and is unrelated to 

pre-program outcomes and trends. Note that a similar strategy, using variation in 
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village size to identify the impact of microcredit, was used in Alatas (2000) and 

Yamauchi (2008). 

3.2 Data, descriptive statistics, and empirical specification 

3.2.1 Townsend Thai Survey 

This study uses 7 waves of the Townsend Thai survey, covering 1997-2003. Recall 

the program was implemented in 2001, thus the analysis pertains to short-run impacts as 

I look at two years of post-program outcomes (2002-2003). The survey sampled 15 

households in each of 64 villages across 4 provinces of Thailand (Chachoengsao, 

Lopburi, Sisaket, and Buriram). Of the 960 target households, 833 were surveyed for all 7 

years during 1997-2003. The analysis uses a balanced panel of these 833 households. 

A wealth of household-level information is provided by the survey. I primarily 

use data on consumption, borrowing, household member characteristics, and village 

size (number of households). I use data on nondurable consumption figures recorded by 

the survey, comprised of food (rice, grains, milk products, meat, food away from home), 

alcohol, tobacco, education, clothes, ceremonies, fuel, house repairs, and vehicle repairs. 

In the analysis, all consumption figures are scaled to annual values. The survey solicits 

information on all loans taken by each household. I construct the total value of all loans 

borrowed from the village fund which were taken out in the last year. From the village 
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key informant survey I obtain village size (number of households) in 2002, which was 

when the program began. 

Table 3.13: descriptive statistics. 

  Observations Mean SD 

Short-term credit variables 

Total new short-term credit 5,831 26,800 67,500 

Village fund credit (post-program) 1,666 9,000 10,300 

Village fund loan received dummy (post-program) 1,666 0.54 0.5 

Consumption variables 

Total consumption 5,698 46,600 55,000 

Food 5,779 16,900 13,000 

Nonfood 5,717 29,700 50,000 

Income variables 

Net income 5,803 96,600 195,500 

Household per capita net income 5,802 22,200 35,800 

Control Variables 

Male head of household dummy 5,785 0.73 0.44 

Age of head 5,785 53.73 13.42 

Years of education of head 5,772 4.04 2.83 

Male adults in household 5,806 1.45 0.9 

Female adults in household 5,806 1.56 0.76 

Male children in household 5,806 0.82 0.88 

Female children in household 5,806 0.73 0.84 

Farming dummy for household head's 5,831 0.66 0.48 

    primary occupation 
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Table 3.13 provides some relevant descriptive statistics for the sample. Note the 

exchange rate from baht to US dollars in this period is about 40 to 1. Average household 

borrowing from the program is 9,000 baht (about $220). A substantial fraction of 

households (54%) take out at least one loan from the program. Among households who 

borrow from the program, the average level of village fund credit is 16,700 baht. 

Households in the survey are relatively poor, average net income for these 

households is 96,600 baht, and the per capita figure is 22,200 baht (about $550). Average 

schooling for household heads is about 4 years. Finally, note that 66 percent of 

household heads rely on farming-related activity as their primary occupation, indicating 

these villages are heavily dependent on agriculture. Moreover, rice is the most common 

form of agriculture, among farming households 56 percent of household heads rely on 

rice farming. 

3.2.2 Rainfall data 

Rainfall data is obtained from the Global Precipitation Climatology Centre 

(GPCC). I make use of historical data from 1970-2010, as there is a moderate jump in 

relevant Thai rainfall stations in 1970. Within the 4 provinces in the Townsend Thai 

survey, the dataset contains 10 rainfall stations in 1970, growing (monotonically) to 13 

stations by 2010. The number of stations in Chachoengsao grows from 5 to 8 stations, 
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whereas the number of stations in Lopburi, Sisaket, and Buriram remain constant at 3, 1, 

and 1 stations, respectively. 

Because of limited rainfall station availability, climate scientists at the GPCC 

apply a geographical interpolation algorithm, drawing on methods and procedures that 

have been refined over decades. The final dataset is in the form of monthly rainfall levels 

for each 0.5 by 0.5 degree longitude-latitude grid cell on the Earth's surface. In relation to 

the 4 provinces in the Townsend Thai survey, each province contains roughly 6 grid 

cells. 

Low station density may give rise to measurement error in rainfall. Note that 

station density within the 4 provinces remains constant for the years of analysis in this 

study (1997-2003). For a given household, any measurement error related to station 

density is thus constant over time. Because regressions control for household fixed-

effects, measurement error stemming directly from station density should be 

uncorrelated with the residual. 

3.2.3 Empirical specification 

The empirical analysis in this study uses two-stage least squares (2SLS) to 

estimate the impact of rainfall, credit from the program, and the interaction between 

rainfall and credit. The amount of program credit a household borrows is likely related 

to unobserved characteristics and thus endogenous. Consequently, I use inverse village 
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size at the beginning of the program, and interactions between rainfall and inverse 

village size, as instrumental variables. 

The rainfall variables used in the analysis I refer to as dry and wet years. A dry 

year is defined as an annual rainfall event below the 20th percentile, and a wet year is an 

event above the 80th percentile. For the regressions, I create province average levels of 

dry and wet, averaging over all grid cells within a province (results are qualitatively 

consistent but generally weaker if I use village specific rainfall measures). Using 

categorical weather variables is a typical way to capture non-linear effects (Dell et al 

2014), and the results indicate important non-linearities in this context. 

Regressions also control for household demographic and socioeconomic 

variables2, household fixed-effects, and survey year fixed-effects. Heteroskedasticity-

robust standard errors are clustered at the village level (the survey primary sampling 

unit). 

The first stage regression equation is as follows: 

 

                                                      

2 In particular, the number of male adults residing in the household, the number of female adults in the 

household, the number of male children, the number of female children, the gender of the household head, 

age and age squared of the household head, education of the household head in years, and whether the 

household head engages in farming as their primary employment. 
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�+�FRS� = TRE�+KUUS × W�P�XX� + TR��+KUUS × W�P�XXY                                           
+ TRY�+KUUS × W�P�XX� × ���S� + TR��+KUUS × W�P�XXY × ���S�

+ TRZ�+KUUS × W�P�XX� × ���S� + TR[�+KUUS × W�P�XXY × ���S�

+ �RE���S� + �R����S� + �R�S� + �RS + QR� + !RS�     (3.1) 

 

The left-hand side variable �+�FRS� denotes the kth endogenous variable for 

household n during survey year t. There are three endogenous variables (k=1,2,3), 

comprised of credit borrowed from the program, the interaction between credit and a 

dry year, and the interaction between credit and a wet year. The key endogenous 

variable is credit borrowed from the program, which also renders the rainfall interaction 

terms endogenous. 

The two key instrumental variables are created by interacting inverse village size 

(in 2002) with post-program year dummies: �+KUUS × W�P�XX� equals inverse village size 

times a dummy denoting t=2002, and �+KUUS × W�P�XXY equals inverse village size times 

a dummy denoting t=2003. Four additional instruments are created by interacting 

�+KUUS × W�P�XX� and �+KUUS × W�P�XXY with the rainfall variables ���S� and ���S�. 

Finally, the term �R�S� controls for household demographic and socioeconomic 

variables, �RS are a set of household fixed-effects, QR� are a set of survey year fixed-

effects, and !RS� is the residual. 
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From the first stage are obtained predicted values for the three endogenous 

variables (I�����S� , ���S� × I�����S� , and ���S� × I�����S�). The second stage regression 

is then: 

�S� = �XI�����S� + �E���S� + �����S�                                                                    
+ 
E���S� × I�����S� + 
����S� × I�����S�                                     
+ ��S� + �S + Q� + !S�     (3.2) 

 

3.3 Results 

3.3.1 First-stage regression 

Table 3.14 displays results from the first stage, estimating equation (1) on the 

three endogenous variables. Each column pertains to a separate endogenous variable, 

and each row pertains to a separate instrumental variable (note the instrumental 

variable invHH*(t=2003)*dry was dropped because no province experienced a dry year 

in 2003). The estimates along the diagonal are highlighted, as there should be a close 

relation between each endogenous variable and its associated instruments. The 

highlighted estimates are indeed positive and highly significant, as needed for the 

relevance condition to hold. Furthermore, the standard weak instrument F statistics 

(Cragg-Donald F of 111.2, Kleibergen-Paap F of 17.6) compare favorably to the Stock-

Yogo (Stock & Yogo 2005) critical value for 5% maximal relative bias (9.53). 
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Table 3.14: first-stage 

  (1) (2) (3) 

  credit credit*dry credit*wet 

invHH*(t=2002) 41* -7*** -2* 

(21) (2) (1) 

invHH*(t=2003) 78*** -3*** -17** 

(14) (1) (8) 

invHH*(t=2002)*dry 49 84*** 6*** 

(36) (5) (2) 

invHH*(t=2003)*dry - - - 

- - - 

invHH*(t=2002)*wet 54 -1 86*** 

(56) (3) (8) 

invHH*(t=2003)*wet -19 4** 92*** 

(14) (2) (8) 

Observations 5,665 5,665 5,665 

R squared 0.54 0.60 0.58 

 

3.3.2 Main results on consumption outcomes 

Table 3.15 presents the 2SLS results from estimating equation (2) on household 

consumption outcomes. Column 1 pertains to total consumption, column 2 restricts to 

food consumption (rice, other grains, milk products, meat, and food away from home), 

and column 3 to nonfood consumption (alcohol, tobacco, education, clothes, ceremonies, 

fuel, house repairs, and vehicle repairs). The total value of household-level consumption 
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is recorded in baht by the survey (some categories are recorded by the survey as 

monthly figures, some as annual figures, for regressions I transform all values to annual 

figures), for the regressions I apply a natural logarithm because the distributions for 

consumption figures are highly skewed. Applying logs means results are less sensitive 

to outliers, and regression coefficients can be interpreted as percent changes. 

Table 3.15: log consumption 

  (1) (2) (3) 

  total food nonfood 

      

credit 0.0618 -0.0214 0.0614 

(0.0665) (0.0479) (0.0913) 

dry -0.368*** -0.361*** -0.371*** 

(0.0599) (0.0457) (0.0795) 

wet -0.0617** -0.0246 -0.0823* 

(0.0296) (0.0228) (0.0426) 

dry*credit 0.404*** 0.391*** 0.406*** 

(0.126) (0.0886) (0.153) 

wet*credit 0.0281 0.0254 0.0388 

(0.0774) (0.0452) (0.0967) 

Observations 5,665 5,740 5,672 

R squared 0.122 0.184 0.061 

 

Coefficient estimates are reported for credit borrowed from the program, dry 

and wet years, and interactions between rainfall variables and credit. Note that values 
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for credit borrowed from the program have been scaled by 10,000, which is roughly the 

average level of borrowing from the program (9,000 baht). The most striking pattern 

found is that dry years strongly decreases consumption, but program credit can 

completely mitigate this. 

The main effect of program credit is estimated to be small and not statistically 

significant. Wet years have a small negative impact on consumption, mostly for nonfood 

consumption. Dry years, on the other hand, have a strong negative impact on 

consumption, leading to a 37% decrease. The impact of a dry year on food and nonfood 

consumption is very similar. However, at the average level of borrowing from the 

program, this negative impact is completely mitigated and households are able to 

maintain their normal level of both food and nonfood expenditures. 

3.3.3 Changes in household composition 

The main results in table 3.15 suggest that dry years lead to a decrease in 

household income which translates into a decrease in expenditures. After the 

introduction of program credit, though, households appear able to borrow in order to 

maintain consumption levels, at least in the short-term. However, whether this is an 

accurate interpretation of these findings relies in part on whether household 

composition remains stable in relation to rainfall shocks and the introduction of the 

village fund. For example, if household composition remains relatively unchanged after 
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the occurrence of dry years, then it is more plausible that the reduction in total 

household consumption means that each household member is consuming less goods 

throughout the year. On the other hand, if household composition decreases 

substantially, the reduction in total household consumption may simply be due to a 

smaller household. 

Table 3.16: household composition 

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

  

total 

household 

size 

male 

adults 

female 

adults 

male 

children 

female 

children 

          

credit 0.197 0.0650 0.0123 -0.00923 0.129* 

(0.140) (0.0611) (0.0606) (0.0595) (0.0683) 

dry -0.0816 -0.0246 -0.0532 0.00770 -0.0115 

(0.0790) (0.0415) (0.0349) (0.0310) (0.0372) 

wet 0.0862 0.0328 0.0211 0.00901 0.0233 

(0.0534) (0.0229) (0.0218) (0.0192) (0.0221) 

dry*credit -0.331* -0.110 -0.0936 -0.0480 -0.0791 

(0.178) (0.0918) (0.0736) (0.0773) (0.0946) 

wet*credit -0.326* -0.0631 -0.130* -0.0613 -0.0715 

(0.169) (0.0693) (0.0668) (0.0520) (0.0633) 

Observations 5,806 5,806 5,806 5,806 5,806 

R squared 0.012 0.002 -0.005 0.009 0.001 
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I do not find that rainfall has a direct impact on household composition, but the 

interaction of rainfall and program credit does have an impact. Table 3.16 reports 

estimated impacts on total household size, number of male adults, female adults, male 

children, and female children (adults are defined to be ages 18 or over). I find that when 

it is a dry or wet year, and a household borrows more from the program, then 

household size is likely to decrease. Potentially, members of the household are more 

likely to migrate when local economic conditions change, but they need credit from the 

program to help finance the migration. Note, though, that the estimated impact on 

household size is relatively small and only significant at the 10% level. 

Returning to the results on consumption, recall the interaction between a dry 

year and program credit leads to an increase in total household consumption. If 

household size is decreasing in response to the dry*credit interaction term, then per 

capita consumption should increase by a greater amount than total consumption. This is 

indeed found to be the case, presented in Table 3.17 which looks at per capita 

consumption outcomes. 

Table 3.17 provides a more in-depth analysis of impacts on household 

consumption by controlling for household composition in a more detailed manner. For 

the 3 categories of consumption reported in table 3.15 (total, food, nonfood), results are 

shown looking at log outcomes (reported previously in table 3.15), log per capita 
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outcomes, and log per capita outcomes with regressions controlling for household 

composition in a more detailed manner (in particular, regressions control for the number 

of household members by gender who are ages 0-4, 5-9 10-14, 15-19, 20-24, 25-39, 40-54, 

55-64, 65 and over). Results for all consumption outcomes are very similar regardless of 

which manner of household composition controls are used. The estimates in table 3.17 

suggest that in relation to the village fund program, changes in household composition 

do not seem to be driving changes in household consumption.
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Table 3.17: log consumption, more controls for household composition 

  total consumption food consumption nonfood consumption 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

  log 
log 

per capita 

log 

per capita, 

more 

controls 

log 
log 

per capita 

log 

per capita, 

more 

controls 

log 
log 

per capita 

log 

per capita, 

more 

controls 

                  

credit 0.0618 0.0735 0.0741 -0.0214 -0.0103 -0.0132 0.0614 0.0742 0.0827 

(0.0665) (0.0649) (0.0645) (0.0479) (0.0446) (0.0448) (0.0913) (0.0899) (0.0892) 

dry -0.368*** -0.369*** -0.371*** -0.361*** -0.361*** -0.362*** -0.371*** -0.372*** -0.373*** 

(0.0599) (0.0600) (0.0606) (0.0457) (0.0456) (0.0456) (0.0795) (0.0796) (0.0811) 

wet -0.0617** -0.0597** -0.0573** -0.0246 -0.0224 -0.0179 -0.0823* -0.0816* -0.0835** 

(0.0296) (0.0292) (0.0291) (0.0228) (0.0226) (0.0225) (0.0426) (0.0422) (0.0418) 

dry*credit 0.404*** 0.418*** 0.423*** 0.391*** 0.402*** 0.404*** 0.406*** 0.419*** 0.418*** 

(0.126) (0.127) (0.127) (0.0886) (0.0872) (0.0864) (0.153) (0.156) (0.157) 

wet*credit 0.0281 0.0233 0.0313 0.0254 0.0213 0.0226 0.0388 0.0306 0.0379 

(0.0774) (0.0765) (0.0761) (0.0452) (0.0450) (0.0449) (0.0967) (0.0953) (0.0935) 

Observations 5,665 5,665 5,665 5,740 5,740 5,740 5,672 5,672 5,672 

R squared 0.122 0.073 0.078 0.184 0.109 0.122 0.061 0.042 0.054 
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3.3.4 Changes in prices of consumption goods 

Another issue with regards to interpreting the results on household consumption 

is whether there are concurrent changes in prices of goods. The consumption outcomes 

in table 3.17 pertain to (log) value of consumption in terms of money. How quantity of 

consumption is affected depends on whether prices are stable or fluctuating. 

Unfortunately, it is difficult to directly examine quantity of household 

consumption because the survey does not record standardized units for each 

consumption category. Each consumption good may be recorded in units of kilograms, 

bags, packs, bottles, or other. Prices are recorded per unit, but again because units are 

not standardized analysis of prices is difficult as well. 

Given the caveat regarding the absence of standardized units, analysis of prices 

in this section proceeds as follows. For a set of consumption goods (in particular rice, 

milk products, meat, alcohol, tobacco, and fuel) I create annual village-level log median 

prices for the most commonly reported units. For example, the most commonly reported 

units for rice is kilograms, so in the survey the price of rice is most commonly reported 

as baht per kilogram. 

Table 3.18 shows results on these village-level log median prices. Estimated 

coefficients are reported for inverse village size (recall this is the instrumental variable 

for borrowing from the program, and is a measure of the program intensity; this variable 
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is also divided by its village-wide mean so estimated coefficients can be interpreted as 

an average program intensity) times a post-program dummy (t≥2002), dry and wet 

years, and interactions between rainfall and (inverse village size)*(post-program). 

Regressions also control for village fixed-effects, and year fixed-effects. 

Estimates in table 3.18 indicate that prices are fluctuating. In terms of how these 

price changes relate to the consumption results in table 3.17, recall one of the main 

findings was that dry years strongly decrease consumption. The impact of dry years on 

prices is relatively weak and heterogeneous. I find an increase in the price of meat, 

perhaps indicative of a negative supply shock. On the other hand, there is a decrease in 

the price of milk, which is consistent with either a decrease in demand or household 

substitution toward less expensive milk products. The overall level of prices (looking 

across all consumption categories) does not appear to change greatly in response to dry 

years, and it seems unlikely that the change in milk and meat prices alone is driving the 

impact of dry years on total consumption.
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Table 3.18: log prices of consumption goods. 

  (1) (2) (3) (4) (5) (6) (7) (8) 

  

rice 

self-

produced 

rice 

purchased 

milk 

products 
meat 

alcohol 

at home 

alcohol 

away 

from 

home 

tobacco fuel 

                

invHH*t>=2002 0.0478 0.113*** 0.00833 0.0422*** 0.0750 0.000468 -0.293 -0.0470*** 

(0.0339) (0.0303) (0.115) (0.0144) (0.0468) (0.0680) (0.269) (0.0129) 

dry -0.0122 0.00832 -0.357* 0.168*** 0.00268 0.108 -0.0474 0.00990 

(0.0506) (0.0521) (0.201) (0.0255) (0.0261) (0.0771) (0.371) (0.0181) 

wet 0.0142 -0.00167 0.00727 -0.00165 0.0585** 0.0561 0.000554 -0.0340*** 

(0.0257) (0.0295) (0.0590) (0.0142) (0.0266) (0.0475) (0.176) (0.0109) 

dry*invHH*t>=2002 -0.145** -0.231*** 0.0772 -0.164*** -0.159** -0.251*** -0.0833 0.0199 

(0.0661) (0.0661) (0.241) (0.0317) (0.0623) (0.0862) (0.530) (0.0284) 

wet*invHH*t>=2002 -0.103** -0.160*** -0.214 -0.0306 0.00655 -0.0156 0.161 0.0841*** 

(0.0475) (0.0431) (0.215) (0.0284) (0.0552) (0.0971) (0.476) (0.0214) 

Observations 411 423 383 447 439 425 371 448 

R squared 0.574 0.615 0.329 0.649 0.543 0.342 0.564 0.910 
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The other main finding from table 3.17 is that in a dry year, access to program 

credit strongly increases household consumption. In terms of prices, I find that in a dry 

year, for villages with a greater program intensity there is a decrease in prices for a 

number of consumption goods (looking at the row for dry*invHH). While prices 

decrease, we saw in table 3.17  that monetary value of consumption increases, thus 

quantity of consumption would increase even more than value does. 

From the analysis thus far it is not clear what is driving the change in prices, 

again some possibilities are shocks to supply or household demand substitution. 

However, the analysis in this section indicates that the changes in consumption 

documented in table 3.17 reflect actual changes in quantity consumed, and not just 

changes in monetary value through an effect on prices. 

3.3.5 Attrition 

Recall the analysis sample consisted of households who were present in all 7 

years from 1997-2003. Attrition is comprised of any household who was present at 

baseline in 1997, but not for all 6 subsequent years. In the Townsend Thai Survey, 

attrition is mainly due to households who move out of the village. Households who 

attrit are likely different on both observed and unobserved characteristics, making the 

sample of households who remain unrepresentative of the original sample. 
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Table 3.19: attrition. 

  (1) (2) 

  Attrit=1 Attrit=1 

 
    

# male adults -0.00345 -0.00383 

 
(0.0150) (0.0148) 

# female adults -0.0277* -0.0256* 

 
(0.0153) (0.0149) 

# male children -0.00239 -0.00243 

 
(0.0116) (0.0116) 

# female children -0.0148 -0.0164 

 
(0.0132) (0.0131) 

male household head -0.00965 -0.00923 

 
(0.0329) (0.0325) 

farming household head -0.0609** -0.0607** 

 
(0.0236) (0.0234) 

age of household head -0.00230* -0.00236* 

 
(0.00126) (0.00125) 

education of household head -0.000102 -0.000220 

 
(0.00561) (0.00549) 

log PCE -0.00918 
 

 
(0.0130) 

 
PCE quartile 2 (26-50) 

 
-0.0586** 

  
(0.0288) 

PCE quartile 3 (51-75) 
 

-0.0323 

  
(0.0348) 

PCE quartile 4 (76-100) 
 

-0.0330 

  
(0.0314) 

invHH 0.0440 0.0455 

 
(0.0926) (0.0928) 

dry(1997-2003) 0.0452 0.0492 

 
(0.0563) (0.0561) 

wet(1997-2003) -0.0562 -0.0554 

 
(0.0607) (0.0606) 

invHH*dry(2002-2003) -0.119 -0.123 

 
(0.110) (0.110) 

invHH*wet(2002-2003) -0.0558 -0.0545 

 
(0.0837) (0.0840) 

   
Observations 906 906 

R squared 0.047 0.050 
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In table 3.19 I examine if attrition is predicted by baseline (1997) household 

characteristics, rainfall (total number of dry and wet years from 1997-2003), and 

program intensity. The sample for this analysis is comprised of 906 households who had 

complete (no missing) information on a set of household demographic and 

socioeconomic characteristics, and complete information on baseline per capita 

expenditures. Of these 906 households, 117 of them attrited (about 13%). 

Regressions employ the set of household controls used in the main analysis of 

equation (2). Also included are log per capita expenditures in 1997, inverse village size 

in 2002, the total number of dry and wet years from 1997-2003, and interactions between 

inverse village size and post-program rainfall (2002-2003). Column (1) controls for log 

PCE, column (2) uses PCE quartiles (omitting the lowest quartile). 

The results indicate that larger households are less likely to attrit, in particular 

households with more female adults present at baseline. In addition, households where 

the head is engaged in farming are less likely to attrit, as are households with older 

heads. The regression using PCE quartiles indicates that wealthier households are less 

likely to attrit, though the difference is only significant for the second quartile vs the 

bottom quartile. Finally, program intensity and rainfall terms do not predict attrition. 

These results indicate that households who attrit vs those who do not are 

different in observed characteristics, and it is likely that they would be different in 
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unobserved characteristics as well. Based on observed characteristics, households who 

attrit are smaller in size, less likely to be farming, have a younger head, and are 

somewhat less wealthy. 

Precisely how attritors were affected by the program is unclear. Recall that most 

attrition is due to household migration out of the village, and migration may have led to 

either an increase or decrease in household expenditures. Furthermore, it would be 

difficult to interpret changes in household expenditures in terms of welfare for those 

who move out of the village, as an increase in expenditures could merely be indicative 

of costs of moving. In addition, the short and long-run welfare implications could differ 

greatly. 

With these caveats in mind, analysis of attrition in this section concludes by 

performing a bounds analysis of the average program impact on household 

expenditures. Households who were not able to be surveyed in any given year are 

missing information on both outcomes and covariates. The approach in this section is to 

impute missing outcomes and covariates for years which a household is not present. 

The validity of the analysis in this section depends crucially on how missing 

consumption outcomes are imputed. Analysis is performed on log per capita 

consumption (total, food, and nonfood), and restricted to households who were present 

and had complete information at baseline. Thus, at least one year of consumption 
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information is available for each of these households. To impute values for missing 

consumption data, my approach is to be conservative and assume for these households 

that rainfall and the program have no impact on consumption. Essentially, I impute 

missing values which by construction will be swept away by the household and year 

fixed-effects. 

This is done by first calculating a household average level of consumption for 

each household who attrited, using data from all years which the household was 

present. In addition, for each year I calculate a sample wide average time trend, equal to 

the average level of consumption in a given year minus the average in the baseline year, 

using data from all households who were present in those years. Finally, imputed 

missing values are equal to the sum of the household average across years and the 

sample average time trend within years. 

Because regressions employ household and year fixed-effects, variation in 

consumption from imputed values will be entirely swept away by the fixed-effects. 

Thus, the imputed values should be unresponsive to both the program and rainfall. In 

other words, I estimate impacts assuming a scenario that for households not present in a 

given year their consumption is unaffected by the program or by rainfall. The 

subsequent regression estimates are then interpreted as a lower bound on impacts given 

this assumption of zero impact for attriters. 
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Plausible values for regression controls (the demographic and socioeconomic 

controls in equation (2)) are imputed by using values from the last survey wave for 

which a household was included in the survey and provided information. For example, 

if a household was present in 1997 but not 1998, then covariate values for 1998 would be 

taken from 1997. If a household had 2 female adults in 1997, it is assumed they had 2 

female adults in 1998. The age of the head of household is assumed to have increased by 

1 year. If the household returns and is present in the survey again in 1999, the actual 

covariate values in 1999 are used. If the household is again missing in 2000, covariate 

values are imputed based on values from 1999, and so on for subsequent years. 

Regressions also include household and year fixed-effects, which are known and do not 

need to be imputed. In addition, results in this section are very similar if regressions 

only include household and year fixed-effects as controls (that is, omitting the 

demographic and socioeconomic controls). 

In this analysis, the main regressors of interest are inverse village size times a 

post-program dummy (t≥2002), dry and wet from the previous year (measured at the 

village a household resided during baseline in 1997), and interactions between the 

rainfall variables and (inverse village size)*(post-program). I analyze the impact of 

inverse village size, a measure of program intensity, as opposed to the impact of 

program credit itself. This is partly because for households who migrate away from their 
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village it is unclear how to impute a value for their level of borrowing from the program. 

For households who migrate, it is also unlikely that the program is affecting their 

outcomes only through borrowing from the previous year, it is likely that borrowing 

around the time of migration would be more important. 

To abstract from these issues, I instead estimate "reduced-form" impacts from the 

program, using inverse village size as a measure of program intensity. In the 

regressions, I scale the inverse village size variable by its village-wide mean so estimated 

coefficients can be interpreted as an average program intensity. The regression equation 

is as follows: 

�S� = �X�+KUUS × W�\�XX� + �E���S� + �����S�                                                  
+ 
E���S� × �+KUUS × W�\�XX� + 
����S� × �+KUUS × W�\�XX�

+ ��S� + �S + Q� + !S�     (3.3) 

 

Results are shown in table 3.20. Columns are split by log per capita total 

consumption (1-3), food (4-6), and nonfood (7-9). Furthermore, each category of 

consumption results are shown for the full sample, the balanced panel of households 

who are present in all years, and attriters. As expected, for attriters we see muted 

responses to both rainfall and interactions between rainfall and program intensity. 

For attriters, dry years are still found to have a negative and significant impact 

on total consumption and nonfood consumption. This is likely due to the fact that 
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attrition is more severe in later years, and for households who attrit in later years but are 

present in earlier years some of their consumption outcomes are not imputed and could 

have a "real" response to dry years. On the other hand, estimates for the dry year times 

program intensity interaction term are small and insignificant for attriters. Again, 

because attrition is more severe in later years (which correspond to post-program years, 

2002-2003), consumption outcomes are more likely to be imputed in these years and by 

construction variation in these imputed values should be absorbed by the household 

and year fixed-effects. 

Turning attention to the results on the full sample, I still find a strong negative 

impact from dry years, and an equally strong mitigating impact from the program at its 

average level of intensity. Even under the assumption that consumption outcomes for 

attriters are unaffected by rainfall or the program, the main conclusions from table 3.17 

do not change.
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Table 3.20: bounds on estimates due to attrition. 

  

log per capita  

total consumption 

log per capita  

food consumption 

log per capita  

nonfood consumption 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

  full sample Attrit=0 Attrit=1 full sample Attrit=0 Attrit=1 full sample Attrit=0 Attrit=1 

                  

invHH*t>=2002 0.0216 0.0171 0.0218 -0.0337 -0.0328 -0.0320 0.0255 0.0157 0.0300 

(0.0502) (0.0566) (0.0527) (0.0348) (0.0375) (0.0404) (0.0658) (0.0749) (0.0650) 

dry -0.323*** -0.350*** -0.179* -0.320*** -0.348*** -0.110 -0.327*** -0.353*** -0.250** 

(0.0557) (0.0629) (0.0891) (0.0433) (0.0482) (0.0864) (0.0749) (0.0847) (0.118) 

wet -0.0559* -0.0729** 0.0477 -0.0218 -0.0307 0.0503 -0.0721* -0.0950** 0.0575 

(0.0286) (0.0318) (0.0595) (0.0224) (0.0245) (0.0417) (0.0417) (0.0462) (0.0747) 

dry*invHH*t>=2002 0.320*** 0.358*** 0.0377 0.305*** 0.327*** 0.0803 0.317** 0.362** 0.0564 

(0.104) (0.116) (0.0920) (0.0753) (0.0813) (0.0913) (0.126) (0.143) (0.112) 

wet*invHH*t>=2002 0.0431 0.0606 -0.0457 0.0467 0.0558 -0.0243 0.0465 0.0691 -0.0505 

(0.0685) (0.0742) (0.0910) (0.0411) (0.0451) (0.0640) (0.0823) (0.0913) (0.107) 

Observations 6,510 5,665 845 6,599 5,740 859 6,517 5,672 845 

R squared 0.649 0.607 0.892 0.557 0.496 0.849 0.635 0.596 0.894 
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3.4 Conclusion 

This study finds that increased access to credit helped households in rural 

Thailand cope with the negative impact of low rainfall on consumption levels. In rural 

villages from the Townsend Thai Survey, I find that consumption strongly decreases in 

response to low rainfall. However, at the average level of borrowing from the Million 

Baht Village Fund Program, the negative impact on consumption is completely 

mitigated. Furthermore, these findings do not seem to be driven by changes in 

household composition, changes in prices of consumption goods, or household attrition 

from the survey. 

This study is one of the first to provide rigorous empirical evidence on the 

potential risk-mitigation benefits that microfinance may provide. However, an 

important caveat to note is that the Village Fund Program was a highly non-standard 

model of microfinance. Whether decentralized and semi-autonomous village lending 

institutions could operate successfully in other settings is unclear. Thus, more research is 

warranted on whether the other microfinance models, such as the standard for-profit 

model, would also allow households to borrow successfully after experiencing negative 

shocks. 
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Appendix A 

 

Table A.21: contribution of agriculture to Indonesian economy. 

Year 1970 1980 1990 1996 1999 2002 

Share of Agriculture in GDP 41.0 30.7 21.5 15.4 19.6 17.5 

Share of Agriculture in Employment 66.4 54.8 53.9 44.0 43.2 44.3 

 

 

Table A.22: age left school vs final grade attainment. 

  (1) (2) (3) 

  

Age Left 

School 

Final Grade 

Attainment 

Final Grade 

Attainment 

Column 1 Sample 

Dry -0.206** -0.191*** -0.173** 

(0.0929) (0.0721) (0.0707) 

Wet -0.288** -0.217** -0.256*** 

(0.111) (0.0873) (0.0930) 

Observations 10,483 11,782 10,483 

R-squared 0.256 0.332 0.360 

Mean of Outcome 14.7 6.8 6.8 
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Table A.23: alternate dry/wet percentile cutoffs. 

  Completed Schooling   Adult Log Annual Income (Men) 

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

  10/90 20/80 30/70   10/90 20/80 30/70 

Dry -0.0604 -0.191*** -0.115* -0.0702** -0.0518** -0.0192 

(0.101) (0.0721) (0.0659) (0.0319) (0.0226) (0.0239) 

Wet -0.170* -0.217** -0.135* -0.0657* -0.0523* -0.0132 

(0.0954) (0.0873) (0.0709) (0.0345) (0.0308) (0.0279) 

Observations 11,782 11,782 11,782 5,104 5,104 5,104 

R-squared 0.332 0.332 0.331   0.167 0.166 0.167 

 

 

Table A.24: cohort size, rainfall from ages 7-15. 

  (1) (2) (3) 

  Cohort Size Men Women 

Dry 0.0979** 0.00853 0.0894*** 

(0.0408) (0.0220) (0.0297) 

Wet 0.0263 -0.0220 0.0482 

(0.0434) (0.0276) (0.0328) 

Observations 6,690 6,690 6,690 

R-squared 0.641 0.468 0.494 

Mean of Outcome 1.76 0.84 0.92 
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Table A.25: rainfall serial correlation. 

  (1) (2) 

  Dry Wet 

      

Dry in Previous Year 0.0380 -0.0497 

(0.0284) (0.0300) 

Wet in Previous Year -0.0472** 0.122*** 

(0.0225) (0.0294) 

Observations 11,596 11,596 

R-squared 0.005 0.020 
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Table A.26: parental characteristics, correlation with rainfall ages 7-15. 

  (1)   (2) 

  Dry   Wet 

Father’s Characteristics 

    Primary School Incomplete -0.0251 (0.0291) 0.00545 (0.0228) 

    Primary School Complete -0.0179 (0.0285) 0.00632 (0.0285) 

    School Level Missing -0.00296 (0.0326) -0.00110 (0.0249) 

    Alive -0.0107 (0.0159) -0.0178 (0.0163) 

    Working -0.0379** (0.0191) 0.0278 (0.0204) 

    Working in Agriculture 0.0373 (0.0258) -0.0321 (0.0243) 

Mother’s Characteristics 

    Primary School Incomplete 0.0220 (0.0249) -0.0152 (0.0252) 

    Primary School Complete 0.0150 (0.0281) -0.0550* (0.0283) 

    School Level Missing -0.0249 (0.0379) 0.00719 (0.0308) 

    Alive 0.0116 (0.0205) -0.0169 (0.0171) 

    Working 0.0147 (0.0174) 0.0200 (0.0188) 

    Working in Agriculture -0.0239 (0.0288) -0.0103 (0.0260) 

Parental Wealth Proxies 

    Height (cm) -0.000124 (0.00152) -0.000328 (0.00146) 

    Number of Siblings 0.000343 (0.00349) -0.00126 (0.00340) 

Observations 11,782 11,782 

R-squared 0.729 0.736 

Joint Significance 

    F-stat (14, 222) 0.8 0.89 

    p-value 0.67   0.57 
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Table A.27: prices and illness, rainfall from previous year 

  (1) (2) 

  

Market Price of Rice 

(USD/kg) 

Days Sick 

Last 4 Weeks 

Dry -0.00168 0.142 

(0.0102) (0.127) 

Wet 0.0131 0.247** 

(0.0197) (0.119) 

Observations 518 7,820 

R-squared 0.750 0.060 

Mean of Outcome 0.43 0.84 
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Appendix B 

 

 

 

Figure B.1: empirical distribution of dry and wet years. 
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Figure B.2: long-run impacts on schooling, rainfall over 3 year age ranges. 
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Figure B.3: distribution of age left school. 

 

 

Figure B.4: distribution of final grade attainment. 

 

 

 

 

0

0.05

0.1

0.15

6 7 8 9

1
0

1
1

1
2

1
3

1
4

1
5

1
6

1
7

1
8

1
9

2
0

2
1

2
2

2
3

2
4

2
5

2
6

2
7

2
8

2
9

3
0

+

D
en

si
ty

Age Left School

0

0.05

0.1

0.15

0.2

0.25

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

D
en

si
ty

Final Grade Attainment



 

114 

 

Figure B.5: attendance rate by highest completed grade. 
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Figure B.6: monotonic and non-monotonic impacts. 
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