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SUMMARY

Climate variability and climate change have become important research topics also in
economics. The objective of this thesis is not to forecast the future but to learn from the
past by studying how two important climate change-related topics have affected Indonesian
households. Delayed monsoon onset, ElI Nifio, will become more frequent with climate
change whereas palm oil production is a contributor to climate change.

The first essay examines how variability in monsoon onset affects rural households' welfare
in terms of household expenditure and farm profits. Using the Indonesia Family Life
Survey (IFLS) data | find that households in the middle tercile of the expenditure
distribution face the biggest albeit temporary losses from delayed monsoon onset. Half of
the expenditure decline is due to increase in household size. Conditional on onset, rainfall
intensity has only minor effects.

The second essay uses the IFLS data to study how schooling and child labour are affected
by delayed monsoon onset. The probability of continuing from primary to secondary
school is reduced when a delayed onset coincides with the transition year. In other respects,
monsoon onset does not affect education of rural children. However, riskier distribution of
rain postpones school entry for young children. Moreover, delayed onset increases child
labour.

Using district-level data on palm oil production and area planted and national household
survey (SUSENAS) the third essay studies the impact of oil palm expansion on household
expenditure and health. Instrumental variable estimates exploit the historical production
and district forest area as an exogenous source of variation. | find that smallholder
production has a weak negative impact on household expenditure but this effect is not
present among rural households. More, total production increases incidence of asthma in
Kalimantan. The findings suggest that palm oil is not a panacea to increase rural welfare.
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Chapter 1 Introduction

This thesis consists of three self-contained essays analysing household welfare with respect
to two important environment-related topics in Indonesia, timing of monsoon onset and the
expansion of palm oil production. Delays in monsoon onset will become more frequent
with climate change; on the other hand clearing tropical forest for oil palm plantations is an
important contributor to CO, emissions and thus, climate change. In the first two essays |
study how the timing of monsoon onset affects household welfare and in the third and final
essay | study the impact of the expansion of palm oil production on household welfare.
This thesis contributes to the large body of literature on welfare impacts of weather shocks
(see, for example, Rose, 2001; Dercon, 2004; Kazianga and Udry, 2006; Carter et al., 2007;
Maccini and Young, 2009). Indonesia is an interesting choice of study given that it is the
world’s largest producer of palm oil and also an important producer of rice whose harvest is
frequently threatened by delays in monsoon onset. Moreover, the expansion of palm oil
production is accused for forest and environmental degradation. However, how Indonesian
households are affected by the palm oil production expansion and delays in monsoon onset,

remain relatively unknown.

The timing of monsoon onset, i.e. the start of the monsoon rains, and particularly the
delay in the monsoon onset, has proved to be an important factor determining rice
production in Indonesia (Naylor et al., 2001 and Naylor et al., 2007a). Long delays in
monsoon onset, which is also referred to El Nifio in Indonesia, postpone rice planting and
adversely affects area planted, often driving up domestic and international rice prices
(Falcon et al., 2004). Further, the current consensus predicts that Asian monsoon will
intensify in the future along with global warming, implying more and longer droughts in
Indonesia (Overpeck and Cole, 2007). Despite the well-documented relationship between
monsoon onset and rice production, the socio-economic impacts of delayed monsoon onset

have not been studied thus far.! Using the Indonesia Family Life Survey, IFLS, | focus on

! Following the publication of the previous version of this study as a working paper (Korkeala et al., 2009), a
similar study using a subset of the data was released (Skoufias, et al., 2011). Our paper differs by focusing on



two important monetary outcomes in a rural setting, household per capita expenditure and
per capita farm profits. In addition, in the second essay, | introduce individual level
outcomes in terms of education and child labour. Education is a widely used measure of
socio-economic status and both education and child labour have long-lasting effects in
earnings potential and overall welfare later in life. More, the IFLS data has been
extensively used to study education outcomes but the effect of weather shock and risk on

education is less explored in previous studies.

Indonesia is home for the third largest share of the global forest cover after Brazil and
Democratic Republic of Congo. One of the major threats to forest cover, and therefore also
to global warming, is the expansion of palm oil production. According to the FAO (2005)
over 56% of the Indonesian oil palm plantation expansion between the years 1990-2005
realized at the expense of natural forest cover. Indonesia, where total land area devoted to
oil palm increased over 2100 per cent since the early 1980s, is now the largest producer of
palm oil in the world. In addition to deforestation, palm oil producers are accused of forest
fires, soaring food prices and environmental degradation due to toxic waste being released
by refineries (see, for example, Naylor et al., 2007b; Sheil et al., 2009; McCarthy and Zen,
2010; Rist et al., 2010). On the other hand, proponents of palm oil claim that the expansion
will lead to an increase in rural welfare through employment opportunities and strong
spillover effects. Again, there is little systematic empirical evidence on how households are
affected by the expansion of palm oil production. The main welfare outcome used is
household per capita expenditure. In addition, | study the effect of palm oil production on
individual health, measured as the probability of an individual reporting symptoms of
asthma or difficulties in breathing. Again, per capita expenditure is the standard measure
used in welfare analysis while the measure of the health outcome was selected to evaluate
the non-monetary impacts of the expansion. The choice of asthma is grounded on previous
studies suggesting that both forest fires and toxic waste correlate with asthma (National
Research Council, 1991 and Osterman and Bauer, 2001).

the distributional effect of delayed onset. In addition, we utilize data from outside Java, and include three
rather than one wave of panel data, allowing us to identify the impact of rainfall shocks with greater precision.



All essays use household-level data combined with either rainfall data or palm oil data.
The first essay utilises first three rounds of the IFLS data, and the 1993-2004 rounds of the
annual national socio-economic survey, SUSENAS data, together with daily rainfall data.
The second essay uses first three rounds of the IFLS data together with daily rainfall data.
And finally, the third essay utilises the 2004-2008 rounds of the SUSENAS data, together
with district-level data on palm oil plantations and production as well as the 2003 Village
Survey, PODES data. Therefore, each chapter has its own data section and a section on
empirical methodology. All essays use reduced form specifications, i.e. the variable of
interest, whether monsoon onset or palm oil, enters the estimation equation directly. This
method enables me clearly to inform the policy formers about the effects of delayed onset
and the expansion of palm oil production. In the following I present the contribution of this
thesis separately for each essay, accompanied by a short description of the empirical

methodology and the results obtained.

The first essay of this thesis draws on the joint work with Mafalda Duarte and David
Newhouse (see Korkeala et al., 2009). A revised version of that article was submitted to an

academic journal together with David Newhouse and this paper is currently under review.

In the first essay | study the impact of monsoon onset on per capita farm profits and per
capita expenditure in rural Indonesia. An important contribution of the essay is to study the
heterogeneity among households in order to identify which households are the most
vulnerable to delayed monsoon onset. The panel dimension of the data allows me to divide
households into expenditure terciles according to their mean per capita expenditure across
the surveys.> Economic theory does not provide unambiguous guidance on this matter.
Poor households may be most vulnerable to climatic shocks due to limited access to formal
insurance mechanisms, finance, and irrigated crop land. On the other hand poor households
may adapt low risk low return strategies protecting them from weather shocks (Rosenzweig

and Binswanger, 1993). Another significant contribution of the essay is to investigate the

2 However, assumption on homogenous impacts within a group might be too strong. If, for example, two
households start in the top of the expenditure quintile and a shock hits and then one household is severely
affected, that household is likely to be in a lower tercile than the unaffected household. In order to address this
problem | also present an alternative method to group household into expenditure terciles. | regress the
average household per capita expenditure on predetermined characteristics and then predict the per capita
expenditure. Finally, | use the predicted values for creating expenditure terciles.



importance of the intensity of rainfall relative to the timing of rainfall in terms of household

welfare.

| estimate a reduced form model where monsoon onset, defined as the deviation of the
mean date expressed in standard deviations, enter the estimation equation directly. A
household fixed effect model is employed and the use of linear splines allows a non-linear
effect of monsoon onset on per capita farm profits and per capita expenditure. Using the
IFLS data the estimation results suggest that households in the middle tercile of the
expenditure distribution are the most vulnerable to delayed monsoon onset: for these
households reduction in per capita expenditure reflects the reductions in per capita farm
profits. Moreover, rainfall intensity has a limited impact on per capita expenditure after the
timing of the rainfall is controlled for. However, SUSENAS data suggest that variation in
monsoon onset has a negligible impact on household per capita expenditure. | discuss the
relative merits of the two data sets in the current application and conclude that the IFLS

data is the preferred data in this context.

In the second essay | investigate the impact of monsoon onset on school attendance and
child labour in rural Indonesia. This chapter expands the welfare analysis presented in the
first essay by introducing individual level outcomes. In addition to monsoon onset | study
the impact of weather risk, measured as the coefficient of variation of monsoon onset, on
the probability of children entering school. This essay contributes to the literature by
identifying the effects of a weather shock, and hence, agricultural production shock on
education and child labour in rural Indonesia. The existing studies on child labour in
Indonesia are largely descriptive (see, for example, Manning 2000; Priyambada et al.,
2005). In addition, previous studies on education outcomes in Indonesia (see, for example
Fitzsimons, 2007) have not considered the two important corner stones of schooling;
transfer to secondary school and the probability of entering school. | employ a pooled
probit model and as a robustness check | present an instrumental variable model in the
linear probability framework which addresses the endogeneity of the household per capita
expenditure variable by instrumenting it with the value of household’s land holdings. I find
that delayed monsoon onset increases child labour. With respect to education | find that

delayed monsoon onset coinciding with the transition year from primary to secondary



school reduces the probability of attending school in the following years. In addition,

parents delay the enrolment of their younger children in riskier environments.

In the third essay | evaluate welfare impacts of the expansion of palm oil production in
Indonesia. Despite being one of the most important topics in Indonesia, in terms of
environmental policy, climate change and rural development, there is strikingly little
systematic empirical research on how households are affected by the expansion of palm oil
production. This essay provides the first study on the socio-economic impacts of palm oil
production expansion using large samples of survey data. Palm oil production requires
timely access to mill and good infrastructure, suggesting that individual farmers might be at
a disadvantageous position compared to large companies. Critics claim that large
companies have benefitted most from the expansion (World Bank, 2010). Smallholders
account for around 40% of the total national production. | utilise district-level data on
smallholder oil palm plantations and smallholder palm oil production together with
SUSENAS household data. The proposed empirical approach allows me to study the
overall welfare effect (household consumption, individual health) but not to separate the
effects on actual producers. To address the possible endogeneity of the district-level palm
oil measure | employ an instrumental variable regression where the predicted values of
palm oil are used as an instrument for actual values. As an exogenous source of variation in
the oil palm plantations and palm oil production, I use the historical values of plantations
and production as well as the historical measure of district-level forest area. | discuss
validity and the relative merits of the chosen instruments more in detail in the chapter. In
addition to smallholder production, | investigate the impact of total palm oil area and
production (including both large plantations and smallholders) in selected provinces in

Kalimantan.

The results suggest that smallholder production has a weak negative impact on
household expenditure, but the effect is not present when restricting the sample to rural
households only. More, total area and total production increase incidence of asthma in
selected provinces in Kalimantan. | argue that palm oil is not a panacea to increase rural

welfare and that there is no evidence of positive spillover effects.



Chapter 2 Evaluating the impact of monsoon onset

on household welfare in rural Indonesia

2.1 Introduction

Over 60 per cent of the world’s poor reside in rural areas, and a significant share of their
income is derived, either directly or indirectly, from agriculture. These households are
potentially at risk from the projected increases in climate variability and extreme weather
events resulting from global warming (see figure 2.1)." Households in developing counties
near the equator, many of whom have already reached the optimal temperature for

agricultural activities, are most vulnerable to further temperature increases (Cline, 2007).

Figure 2.1. Change in the agricultural output potential (2080 as % of 2000 potential).
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Note: effects are with carbon fertilisation. Source: Cline (2007).

! Increased temperatures have caused an estimated combined loss of wheat, maize, and barley equal to
roughly $5 billion per year between 1981 and 2002 (Lobell and Field, 2007). A temperature rise of 2.0 °C and
an 8 per cent increase in precipitation, in the absence of carbon fertilization, could lead to a 12 per cent
reduction in agricultural revenue in Brazil and a 20 per cent reduction in India (Sanghi and Mendelsohn,
2008).



This chapter examines the effects of volatility in the timing of the rainfall on households’
economic welfare in rural Indonesia. Indonesia is an important case study to investigate the
impacts of climate variability, given the country’s size and dependence on agricul‘[ure.2
While previous studies have examined the impact of delayed monsoon onset on national
rice production, 1 am not aware of other studies examining the implications of delayed
onset on the welfare of Indonesian households.® Two main indicators for household welfare
are used: household per capita expenditure and per capita farm profits. The former is the
basis for poverty measurement in Indonesia, while the latter is an important source of

income in rural areas.

Households’ response to shocks has important implications for both their short and long-
term income generating prospects. Well-developed financial and insurance markets, where
they exist, help insulate household consumption from shocks. In developing countries,
however, formal financial and insurance markets are typically limited. As a result, most ex-
ante and ex-post strategies for coping with shocks are costly, and shocks often reduce

consumption and asset holdings.*

A Kkey contribution of this study is to examine the distributional impact of climate
variability, by identifying how the impact of variation in monsoon onset depends on the
economic well-being of the household. Wealthier households are likely to be well-protected
from rainfall shocks, as they tend to have greater access to informal insurance networks
through relatives or other sources, and irrigated farmland that offers partial protection
against droughts. Effects on poor households are difficult to infer from theory, however.
Poorer households may be particularly vulnerable to delayed onset, if they cannot access
formal or informal insurance and irrigation. But poor households may also be less
vulnerable to climactic shocks, to the extent that they protect themselves, at the expense of
higher expected income, by adopting low risk and low return strategies, for example by

2 One estimate suggests that Indonesian agricultural output could be reduced by 5.6% (with carbon fertilizer)
or 17.6% (without carbon fertilizer) by 2080 attributable to climate change (Cline, 2007).

? Following the publication of the former version of this study as a working paper (Korkeala et al., 2009), a
similar study using a subset of the data was released (Skoufias, et al., 2011). Our paper differs by focusing on
the distributional effect of delayed onset. In addition, we utilize data from outside Java, and include three
rather than one wave of panel data, allowing us to identify the impact of rainfall shocks with greater precision.
* For example, in response to the 1998 financial crisis in Indonesia, households sold non-productive assets
such as jewelry (Frankenberg et al., 2003).



choosing low risk and return crops (Rosenzweig and Binswanger, 1993; Zimmerman and
Carter, 2003). The use of longitudinal data in this study allows for the separate estimation
of the effect of delayed onset on groups of households defined on the basis of their time-
invariant household characteristics, including average per capita expenditure of the

household.

The second objective of the study is to examine the importance of the timing of rainfall,
relative to its intensity, in explaining changes in the household welfare. While most studies
on the effects of rainfall examine variation in intensity rather than onset, the planting
season in Southeast Asia is structured such that the timing of the monsoon may be more
important than rainfall intensity in determining the success of the harvest.” In addition, |
examine the role of delayed onset on rice prices, which may be an important mechanism

through which household welfare is affected.

Using the IFLS data the results show that delayed monsoon onset has minor effects on
all rural households, but substantial effects on the per capita farm profits and expenditure of
middle-class households (defined as the second expenditure tercile). One standard
deviation, or 24 day, delay in monsoon onset reduces farm profits per capita for middle-
class farmers by 13,500 rupiah per month. This reduction represents 44% of per capita
profits, and 11% of total profits of the middle-class farmers. Falls in farm income are
reflected in a drop in expenditure, as delayed monsoon onset reduces per capita expenditure
of the middle-class households by 15.1 percent. Approximately half of the reduction in per
capita expenditure is realized through an increase in household size. These negative effects
are short-lived, however. Conditional on the prior year’s onset date, there is no evidence
suggesting that delayed onset two years ago reduces expenditure. This finding is robust to
the use of rainfall intensity instead of the timing of monsoon onset. After conditioning on
onset, however, variation in intensity has substantially smaller effects on household
welfare, suggesting that the date of onset is the key factor. Finally, delayed onset increases
the local price of rice, which helps mitigate its negative effects for net rice sellers. The
findings are also robust to different functional forms as well as non-parametric estimation.

However, using the SUSENAS data, delayed monsoon onset has only a negligible effect on

® Delayed onset in Indonesia is associated with reduced aggregate rice production, even if average rainfall
levels followed a delayed onset (Naylor et al., 2001; Naylor et al., 2007a).



household expenditure. The plausible explanations for the different results are discussed in

section 2.5.2.

The remainder of the chapter is structured as follows. Section 2.2 provides a short
introduction to rice farming in Indonesia and the previous literature. Section 2.3 introduces
the data and the estimation strategy. Section 2.4 discusses the estimation results for the
IFLS data and section 2.5 for the SUSENAS data. Finally, section 2.6 concludes, discusses

policy implications and outlines areas for future research.

2.2 Background

2.2.1 Climate variability and rice farming in Indonesia

In Indonesia, rainfall patterns are the most important source of climactic uncertainty, since
the country’s proximity to the equator limits variation in temperature. Rainfall patterns vary
greatly, both across years and districts within a year, and long delays in monsoon onset
occur periodically. In the 20 years preceding 2004, monsoon onset started 30 days later
than usual in 18 per cent of the years in West Java, and 10 per cent of the years in East
Java/Bali (Naylor et al., 2007a).

Rainfall patterns are important in rural Indonesia because the agricultural sector
continues to employ the majority of poor workers. While agriculture’s contribution to GDP
fell from 47 per cent in 1969 to around 13 per cent in 2006, the sector currently accounts
for 60 per cent of rural employment, declining only slightly from 70 per cent in 1990. Two
thirds of the households in the bottom two expenditure quintiles work in agriculture
(Kishore et al., 2000; World Bank, 2008).

Only a minority of farm households have access to irrigated farmland, and rain-fed
agriculture continues to play an important role in agricultural production. The distribution

of irrigated rice land (sawah) is skewed towards larger landholders: three quarters of
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agricultural households own less than 0.5 hectares each, and together they control only 38%
of sawah in Indonesia (McCulloch, 2008).

Typically, the bulk of the rice crop is planted at the beginning of the rainy season
between October and December, though this varies by region (see figure 2.2). Planting
begins when there is sufficient moisture to prepare the land for cultivation and facilitate
early rooting. The main planting period ends before the peak of the monsoon, because
excessive water hampers rooting. During the 3-4 months grow-out period from planting to
harvest, rice requires 600-1200 mm of water depending on the agro-ecosystem and the
timing of the rainfall or irrigation. A smaller, dry season planting takes then place in April
and May after the wet season crop is harvested (De Datta, 1981 in Naylor et al., 2001).
Figure 2.2 also shows the share of rice that is produced in each of the provinces.

Figure 2.2. The timing of the rainy season and the share of rice production out of total
production in selected provinces of Indonesia.
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Note: Onset date is the date past August 1 when accumulated rainfall equals 20 cm, averaged over reporting
rainfall stations in the region for the years 1979-2004; termination date is the date on which 90% of that
year’s rainfall has accumulated. The number on each province indicates the share of province’s rice
production out of total production.

Source: Naylor et al., (2007a).

The timing of the onset of the monsoon is affected by the El Nifio Southern Oscillation

(ENSO), which causes anomalies in the sea surface temperature and sea-level pressure. El
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Nifio events can delay rice planting by up to two months, reducing the area cultivated and
delaying the plantings of next year’s dry-season crop.® In addition to delays in monsoon
onset, EI Nifio events are associated with reductions in the length of the rainy season (Cook
etal., 2001).

The timing of the monsoon affects the total amount of land planted for many crops in
Indonesia, and is particularly important for rice. Variation in a sea-surface temperature
index explains 60 per cent of rice planted in Java, and 40 per cent of the variation in rice
production (Naylor et al., 2001). From 1983-2004, a 30-day delay in monsoon onset
caused rice output to fall, on average, by 580,000 metric tons (11.6%) in East Java/Bali and
540,000 metric tons (6%) in West/Central Java during the main rice harvest season between

January and April (Naylor et al., 2007a).

Weather variation reduces production by decreasing the area cultivated rather than by
reducing the yield. In Indonesia, each degree increase in the Sea Surface Temperature
Anomaly (SSTA) reduces the national cultivation area by an estimated 261,000 hectares
(2.3 percent) which reduces production by 1,318 tmt (2.6 percent), production reduction by
province is presented in table 2.1.” Most of the fall in production comes from Java although
the largest percentage effects are in Kalimantan and Sulawesi. Similar patterns between
weather shocks and area cultivated are observed also in other countries. For example in

India the variability in area cultivated is higher than in yield (Walker and Ryan, 1990).

® During El Nino events, the warmer ocean water shifts eastward away from Indonesia causing rain to fall
over the central Pacific Ocean.

" According to the Indonesian Statistical Office (Badan Pusat Statistik, BPS) the area harvested in Indonesia
was 11,499,997 hectares and the rice production was 50,460,782 tons in 2001
(http://www.bps.go.id/thmn_pgn.php?eng=0, accessed 5 Feb 2010).



http://www.bps.go.id/tnmn_pgn.php?eng=0

12

Table 2.1. Estimated effects of a one degree Celsius increase in August SSTA on rice
production (thousand metric tons, tmt), by province, 1983-2002.

Province Crop-Year Percentage of Significance of Ratio of
Production Effect National Effect Production Effect Production Effect
(Sep-Aug) (tmt) (t-statistic) to Average
Yearly
Production
1997/98 —
2001/02
West Java -380 28.83 -3.01 -0.037
Central Java -238 18.06 -3.67 -0.026
East Java -232 17.60 -4.06 -0.026
South Sulawesi -102 7.74 -2.02 -0.033
North Sumatra -54 4.10 -1.57 -0.016
West Sumatra -46 3.49 -2.18 -0.026
East Kalimantan | -41 3.11 -2.60 -0.118
North Sulawesi -38 2.88 -3.31 -0.104
West Nusa -30 2.28 -2.63 -0.021
Tenggara
Riau -17 1.29 -2.14 -0.041
Southeast -10 0.76 -1.68 -0.033
Sulawesi
Bali -3 0.23 -2.82 -0.003
Subtotal -1.191 90.36
Coefficient for all | -1.318 100.0
Indonesia

Source: Falcon et al., (2004).

2.2.2 Household responses to weather shocks

Existing evidence on the extent to which households are insured against shocks, including
weather shocks, is mixed. Evidence from Thailand and India, for example, suggests that
households are largely able to smooth consumption in response to rainfall shocks. In
Thailand, farmers tend to save during favourable rainfall years, and use these savings to
protect consumption from income shocks (Paxson, 1992). In ICRISAT villages in India, on
the other hand, unemployment and sickness are only weakly associated with household
consumption after village-level risk (i.e. weather) is controlled for. Credit markets and gifts,
as well as asset sales, appear to smooth much of the fluctuations in income (Townsend,

1994). Coping mechanisms in India also include pulling poor children out of school
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(Jacoby and Skoufias, 1997).2 Households are not, however, able to smooth consumption
in response to rainfall shocks in all low-income countries. In Bangladesh children’s growth
was adversely affected, especially in landless households, after the 1998 floods (Foster
1995). In Ethiopia, common shocks such as rainfall shocks reduce growth in household
consumption (Dercon, 2004). In Burkina Faso, there appeared to be little evidence of
consumption smoothing during a drought (Kazianga and Udry, 2006).

Several studies indicate that households in Indonesia have been, and continue to be,
vulnerable to rainfall shocks. Early-life drought between 1953 and 1974 adversely affected
health, education attainment, and adult socio-economic status for women in rural areas
(Maccini and Yang, 2009). Self-reported crop loss was associated with reduced education
expenditure (Cameron and Worswick, 2001). Low rainfall in specific quarters has, in the
past, correlated with substantial and lasting reductions in farmers’ income (Newhouse
2005). Finally, one study has considered the impact of delayed onset on household
expenditure among rural farmers in Java (Skoufias et al., 2011). That study considers
households on rural Java in 2000 and finds a small and statistically insignificant penalty of
delayed monsoon onset. A larger 15 per cent reduction is estimated for rice farmers who
experience low rainfall following the monsoon. This is based on the results from a single
cross-section of households matched to data from 18 rain stations, raising questions about
the generalizability of the results. This study builds on this past literature for Indonesia by
looking specifically at the impact of delayed onset on farm profits and per capita

expenditures for different types of households.

8 Chapter three examines this issue in Indonesia.
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2.3 Data and methodology

2.3.1 Data sources

To obtain empirical evidence on the welfare effects of delayed onset, | use the first three
rounds of the Indonesia Family Life Survey (IFLS), which is the main data source in this
study. IFLS waves are surveyed in autumn. The fourth and most recent round is excluded
because | was unable to obtain more recent rainfall data. The IFLS is a longitudinal
household survey that began in 1993 with roughly 7,200 households taken from 320
communities in 13 out of Indonesia’s 33 provinces. The 13 provinces, which overlap nearly
perfectly with figure 2.2, cover 83 per cent of the population and 85 per cent of national
rice production. The subsequent rounds of the survey, which were conducted in 1997, 2000,
and 2007 attempted to re-contact all households interviewed in 1993, and household
attrition rates were generally below five percent. Split-off households, which were tracked
as long as they remained in the 13 provinces, are included in the sample but treated as new
households. The exclusion of urban areas limits the total sample to 11,400 observations on
4,000 households, taken from 181 communities of 1993.°

The main indicator of household welfare is per capita expenditure. This is derived from
a consumption module consisting of 37 food and 19 non-food items, with purchased and
self-consumption reported separately. Household per capita expenditure is equal to the sum
of all expenditures in the past month, typically reported by the head’s spouse, deflated by a
local price index and divided by the number of persons in the household.'®** There is an
inconsistency in the data collection, as the 1993 questionnaire, unlike subsequent waves,

% Additional information about the survey is provided in Strauss et al., (2004), Frankenberg and Thomas
(2000), and Frankenberg and Karoly (1995).

0 For IFLS1, per capita expenditure is taken from the expend2.dta file provided in the re-release of IFLS,
which imputes non-food expenditures for households that were not asked to report them. In addition, because
no price index is provided for the 1993 data, the national price index for the local provincial capital is used to
deflate expenditures from 1993 to 1997.

1 Price series for the rural villages for 1997 and 2000 are from the "Survey Harga Konsumen Pedesaan"
(Rural Consumer Price Survey). The respondents of this survey are farmers/farm workers. This series is a
province-level series.
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asked for personal rather than total household consumption for non-food items.*? The
resulting differences in household consumption do not, however, appear to substantially

affect the results presented below.™

The rainfall data was taken from the NOAA (National Oceanic and Atmospheric
Administration) Global Summary of the Day combined with additional data obtained from
the Indonesian Meteorological Agency (Badan Meteorologi dan Geofisika, BMG). Imputed
values for the missing values in the Global Summary of the Day data were provided by
CEREGE, (Centre Européen de Recherche et d’Enseignement des Géosciences de
I’Environnement).** Unfortunately, the most recent year for which daily rainfall data was
available is 2004.

The rainfall data cover 52 stations, of which 36 match with IFLS households and 49
match with the SUSENAS households. In the IFLS data households were matched to the
nearest weather station at the community level, for households interviewed in the original
set of 1993 villages. Households that had moved to another village were matched to the

rainfall station closest to the geographic centre of their new district.

The start of the monsoon is defined as the day that cumulative rainfall since August 1
exceeds 20 cm, following Naylor et al., (2007a). The underlying rationale is that
approximately 20 cm of cumulative rainfall is needed to moisten the ground for rice
planting. For each station, the start date of the onset was calculated for each year and then
standardized using each station’s “leave-out” mean and standard deviation across years. A
standardized value of zero would therefore indicate that the nearest station’s monsoon onset
last year was equal to its historical average. The standard deviation of monsoon onset
across the entire sample is 24 days. Alternative definitions of monsoon onset are also
available, such as in Moron et al. (2009) that takes into account false starts, that is, dry

spells occurring after the threshold. Nevertheless, Moron et al. (2009) argue that their

121n 1993, the consumption questionnaire asked the respondents how much they had purchased in the past
month, and whether this was equal to the total amount purchased by the household.

3| excluded the households in 1993 that stated that the reported non-food expenditure is not for the entire
household or that they do not know whether it is. The impact of excluding these households to the point
estimates is negligible; see section 2.5.2 for further discussion.

4 The quality of the rainfall data is discussed in Appendix A.



16

estimations of mean onset dates for various regions in Indonesia are highly correlated with

the definition used herein.

2.3.2 Estimation Strategy

My estimation strategy allows for non-linear effects of delayed onset, given the likelihood
that the cost of delayed onset accelerates as the length of the delay increases. This would
occur, for example, if farmers faced with small delays forego planting on their lowest-
quality soil, or if larger delays inhibit informal insurance networks. My preferred method
estimates a spline (a piecewise linear regressions) with one knot, which maintains some
flexibility and is relatively straightforward to interpret. | check robustness by estimating
flexible non-parametric regressions as well as quadratic functions. The knot of the spline
was selected to be -0.6 standard deviations, based on the results of the non-parametric
regressions. It is apparent that the number of linear splines could be more than two but this

proved unnecessary in the current application.

To estimate the effect of monsoon onset on household per capita expenditure and farm

profits, | estimate the following spline models with two lags of onset:

InC, =a, + Bspline,,, + B,spline,, , + B,spline, _, + B,spline, _, +o; +D, +¢;, (2.1)

Fi +oy + Bsspline, _, + Bspline,, , + B, spline,_, + Byspline,,_, +a; + D, + &, (2.2)

where below the threshold value, O, ; <-0.6:

spline L1 = Oiy
spline,, , =0.
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And above the threshold value O, , >-0.6:

spline ,, ,=-0.6
spline,, , =0, —(-0.6).

The onset variables from two years ago are defined analogously. C, represents the per
capita expenditure of household i in year t, while F, is monthly per capita farm profits of

household i in year t. ¢; represents a household i’s fixed effect, which captures all time-
invariant characteristics of the household, including all household characteristics
determined prior to 1993. D, represents a vector of dummy variables for each survey year.
Farm profits per capita are expressed in levels rather than logs, in order to allow negative
values for profits. &, is a stochastic error term, which is robust to heteroscedasticity and

clustered on rain station, to allow for unobserved correlation between households that have
been matched to the same rain station. In all regressions, households are weighted by their

mean sample weight over the course of the three survey waves.™

O,._, stands for monsoon onset the previous year, and it indicates the timing of monsoon
onset at the nearest weather stations in the previous year. As onset is standardized, a value
of O,_, equal to zero indicates that the previous year’s monsoon, according to the nearest
rain station, arrived at the same time as the historical average. Values of O, , equal to one
and negative one indicate that last year’s monsoon arrived one standard deviation (24 days)
late or early, respectively. Parameters B,, B;, S, [, represent coefficients for the slope
of the left linear segment of onset, while parameters B,, pB,, B, [, represent

coefficients for the slope of the right linear segment.

Two lags of onset are included because rainfall exhibits negative serial correlation in the

sample.’® Including an additional lag of delayed onset reduces omitted variable bias if the

> However, consistent results are obtained without weighting.
'® The correlation between rainfall and lagged rainfall in the data is -0.33.
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second lag of monsoon onset influences per capita expenditure and/or farm profits. Finally,
examining the effect of variation in onset two years ago can shed light on whether the
effects of climactic shocks persist for two years. For these reasons, despite the reduction in
the precision of the estimates, my preferred specification includes an additional lag of
monsoon onset. However, in the Appendix tables | also present estimation results for
specifications with the first lag of monsoon onset only.

The model is re-estimated separately for farm and non-farm households. Per capita farm

profits are only estimated for farm households, defined as those owning a farm in 1993.
Owning a farm in 1993 is time-invariant, meaning that it is orthogonal to the residual &;, in

equations (2.1) and (2.2).

In addition, | re-estimate the model separately for poor, middle-class and rich
households. | use two methods to determine household class. The first involves taking the
tercile of their average real per capita expenditure, over the course of the three surveys. If
the impact of rainfall shock is constant across all households within an income group,
stratifying the sample based on these time-invariant characteristics does not directly

introduce bias into the estimates.’

The assumption that the effect of rainfall shocks is constant is strong, however.
Households that suffer a large loss following a rainfall shock are more likely to be in the
bottom tercile according to their average per capita expenditure. This could lead the results
to overstate the extent to which poor households are vulnerable to rainfall shocks. Thus, I
employ an alternative strategy to group households, based on a welfare indicator that is

predetermined with respect to rainfall shocks.

This alternative strategy involves estimating the portion of average household
expenditure that is predetermined three years before the household enters the survey, prior
to the earliest rainfall shock used in the analysis.*® To do this, | regress the average per

Y Two other sources of bias may be present: attenuation bias due to measurement error in average per capita
expenditure measure, as well as correlation between the impact of the shock and welfare status if households’
response to shocks is heterogeneous. These issues are discussed below.

'8 While dynamic panel data models are commonly utilized to control for past consumption (i.e. models with
lagged dependent variable), they cannot be employed in this case because there is insufficient data to sacrifice
one of the three years, and because the interval between panels is not constant across years.
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capita expenditure of the household over the course of the panel on several retrospective

variables as follows:

C,=a+pZ +¢, (2.3)

where C, represents the per capita expenditure of household, averaged over each year in

which the household appears in the panel survey. Z; is a vector of retrospective

predetermined variables for household i , including the age and education of the household
head, as well as a set of indicators for his or her district of residence at age 12, a dummy for
whether the head worked three years before entering the panel, and for those that did, the
number of hours and weeks worked. Each of these variables was determined prior to the
first rainfall shock considered in the analysis.'® Households were then classified into
terciles based on their predicted per capita expenditure. Appendix table A3 displays the

results of estimating equation (2.3).

This additional robustness, however, comes at a cost. First, a full set of predetermined
variables is available for only 92 per cent of the sample, which limits the representativeness
of the results. In addition, this procedure raises the prospect that predicted expenditure is an
inaccurate indicator of household economic welfare, particularly given that the regressors
in (2.3) only explain 11 per cent of the variation in average household per capita

expenditure. Therefore, | treat this alternative method as an important robustness check.

Finally, identification of the causal effect of delayed onset is based on the assumption
that monsoon onset is exogenous with respect to household expenditure for all households.
Several previous studies have assumed that rainfall is exogenous with respect to household
behavior (see, for example, Paxon, 1992; Munshi, 2003; Newhouse, 2005; Jayachandran,
2006; the literature is surveyed in Rosenzweig and Wolpin, 2000). This identification
assumption may be threatened if some households are able to anticipate rainfall shocks, but

9 Arguably, rainfall shocks could influence who the household identifies as the head, but there is no reason
why the characteristics of the head would be systematically different for households residing in areas with a
delayed onset in the past two years.
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this is unlikely to be a serious concern in this context. Systematic dissemination of El Nifio
forecasts to rural farmers began only recently, as a pilot project in 2005.% In addition,
1992, 1996, and 1999 — the three years preceding the IFLS survey rounds — were not El
Nifio or La Nifia years. Finally, the estimated effect of delayed onset is identified using
within-year local variation in monsoon onset, which is difficult for models to forecast
accurately. Given these factors, it would seem highly unlikely that farmers were able to

anticipate variation in monsoon onset.

2.3.3 Descriptive statistics

Approximately 60% of rural households in the IFLS are farm households (see table 2.2).%
Farm households are slightly more likely to be poor than rich, as the share of farm
households is 64 per cent in the bottom expenditure tercile and 57 per cent in the top tercile.
Approximately half of the farm households cultivate rice as their main crop.?

Table 2.2. Main variables, IFLS data.

Mean s.d.?
PCE (in logs)" 12.089 0.710
Share of farm households 0.596 0.491
Farm profits pc (in rupiahs)™ 31,711.8 56,959.3
Farm profits pc, 1* tercile 19,5628.3 28,526.5
Farm profits pc, 2™ tercile 29,174.2 47,762
Farm profits pc, 3" tercile 48,366.2 81,455.4

Notes: ® denotes for standard deviation. ° Household per capita expenditure and farm profits are expressed in
December 2000 Jakarta prices. ¢ Conditioning that household owns a farm business.

2 This is in the form of Climate Change Field Schools organized for farmers. See for example:
http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-
indonesia-coping-with-climate-change-and-beyond. Accessed 10 October 2009. These schools may be
beneficial for the farmers: Climate change field schools surveyed in the main rice production kabupatens in
West and East Java in 2007-2009 indicated that formal climatic data were used in the timing of farming
activities (Natawidjaja et al. 2009).

2! Households are classified as farm households if at least one member of the household was reported as
working on a farm business on household-owned land in 1993.

22 This is taken from 2000 IFLS data. Unfortunately, farmers were not asked to list their main crops in prior
waves.



http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-indonesia-coping-with-climate-change-and-beyond
http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-indonesia-coping-with-climate-change-and-beyond
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Figure 2.3 presents the density of the monsoon onset prior to IFLS years. None of the years
(i.e. 1992, 1996 and 1999) experienced a strong EIl Nifio event to an extent that monsoon
onset could be delayed as much as nearly four standard deviations (up to three months).

Notwithstanding this, monsoon onset shows meaningful variation for the proposed analysis.

Figure 2.3. Density of the monsoon onset prior to the IFLS years.
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Key factors motivating this essay are the projected increases in climate variability and
extreme weather events. This raises the question of whether there are detectable changes in
the distribution of monsoon onset in the rainfall data. Figure 2.4 shows the kernel densities
for monsoon onset for two time periods: 1979 to 1990, and 1991 to 2003. The figure shows
that the right tail of the distribution expands to a small degree in the later period, suggesting
that delayed monsoon onset has become slightly more common. The Kolmogorov-Smirnov

test for equality of the distribution function rejects the null hypothesis of equality, with a p-
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value of 0.008. The choice of period matters, however, as changing the cut-off year to 1991

increases the p-value to 0.129.%

Figure 2.4. Kernel densities of monsoon onset for 1979-1990 and 1991-2003.
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2.4 Estimation results

This section discusses the estimated effects of onset timing on household expenditure, and
for farm households also farm profits using the IFLS data. To facilitate the interpretation
and comparability of the results of different models, | focus on reporting the estimated
effects of early and late onset. Early onset refers to the monsoon arriving one standard
deviation early, relative to the station’s historical mean, while late onset refers to a one

standard deviation delay. Tables 2.3 and 2.4 present summary estimates of the effect of late

% Placing the cut-off point to 1989 or 1992 renders a statistically significant test results, i.e. rejecting the null
of equal distributions, but now the two time periods have different amount of years which might affect the
results.
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and early onset on per capita farm profit and household expenditure for a variety of
subgroups. The quadratic regressions are implemented as a robustness check. For the sake
of brevity | only present quadratic estimates of per capita expenditure and farm profits for
all rural households (tables A5 and A7 in the Appendix), but I have implemented quadratic
regressions for poor, middle-class and rich households as well. These robustness checks

confirm my main findings.

2.4.1 All rural households

The top row of table 2.3 indicates that delayed onset the previous year reduces the per
capita expenditure of all households by a moderate amount, 6.9 percent, and the estimate is
not statistically significant (complete results are available in table A4 in Appendix A). The
non-parametric estimates, presented in Appendix A, figure Al, show a larger effect. In the
non-parametric smoothing the delayed onset reduces per capita expenditure of all rural
households by 10 per cent and early onset increases by 5 percent, and both effects are
statistically significant at the 5% level.?* These results are also fairly similar to the

quadratic approach (table A5).

? The non-parametric estimate does not control for the first lag of monsoon onset.
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Table 2.3. Impact of late monsoon onset on rural households’ expenditure and farm profits,
spline function approach with two lags of monsoon onset, IFLS data.

Dependent One year ago Two years ago
variable
All Coef. S.E. Coef. S.E.
All Log PCE -0.069 0.056 0.086  0.039**
Farm Profit pc C00 rp)  -8,939 4,890* -469 2,949
Log PCE -0.084 0.067 0.129  0.042***
Non-farm  Log PCE -0.049 0.047 0.050 0.036
Poor Farm Profit pc C00 rp)  -7,247 3,735* 2,683 2,509
All Log PCE -0.071 0.044 0.075  0.042*
Middle- | Farm Profitpc C00rp) -13,477  3,633*** 560 4,902
Class All Log PCE -0.151 0.071** 0.050  0.047
Rich Farm Profitpc C00rp)  -8,273 12,095 -5,573 5,157
All Log PCE 0.014 0.085 0.117  0.047**

Notes: Late onset refers to a one-standard deviation delay in monsoon onset, onset defined as the date after
August 1% that cumulative rainfall exceeds 20 cm. Estimates are obtained using a spline regression with a
single knot at -0.6 standard deviations, including year and household fixed effects. Farm households report
owning a farm business in 1993, while household economic class refers to the tercile of the average per capita
expenditure during the three surveys.

There is no evidence that these moderate falls in per capita expenditure persist. In fact, the
estimates in table 2.3 suggest that late onset two years ago increases per capita expenditure
by 8.6 percent. In the non-parametric estimation of expenditure on twice lagged onset,
which does not control for lagged onset, the association between delayed onset and per
capita expenditure is weak (figure A2 in the Appendix). This set of results, on the whole,
rules out the possibility that households experience a substantial reduction in expenditure

two years following a delayed onset.

In general, early onset has much weaker estimated impacts. The top row of table 2.4
indicates that early onset previous year reduces expenditure by only 2.5 percent. While the
estimated effect of early onset two years ago is large (10.6 percent) and statistically
significant, this result is not robust. Finally, non-parametric estimation (figure A2 in
Appendix A) also suggests a smaller effect of early onset, no greater than 6 per cent and

imprecisely estimated.
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Table 2.4. Impact of early monsoon onset on rural households’ expenditure and farm profits, spline
function approach with two lags of monsoon onset; IFLS data.

Dependent One year ago Two years ago
variable
All Coef. S.E. Coef. S.E.
All Log PCE -0.025 0.036 0.106 0.049**
Farm Profit pc C00 rp)  -2,289 2,449 -3,027 3,717
Log PCE -0.017 0.036 0.057 0.068
Non-farm  Log PCE -0.032 0.049 0.177 0.035***
Poor Farm Profit pc C00 rp)  -3,755 3,223 1,354 3,719
All Log PCE -0.075 0.023***  0.086 0.051
Middle- | Farm Profitpc C00rp)  -1,747 2,285 1,420 2,280
Class All Log PCE -0.006 0.031 0.078 0.054
Rich Farm Profit pc C00 rp)  -2,226 4,111 -13,237 9,545
All Log PCE 0.007 0.072 0.143 0.059**

Notes: Early onset refers to a one-standard deviation advance in monsoon onset, onset defined as the date
after August 1% that cumulative rainfall exceeds 20 cm. Estimates are obtained using a spline regression with
a single knot at -0.6 standard deviations, including year and household fixed effects. Farm households report
owning a farm business in 1993, while household economic class refers to the tercile of the average per capita
expenditure during the three surveys.

2.4.2 Farm versus non-farm households

Farm households, defined as those that reported owning a farm business in 1993, may be
more vulnerable than non-farm households to delayed onset. This could occur, for example,
if farm households tend to be dependent on agricultural profits and delayed onset reduces
the area harvested. On the other hand, the negative effect of delayed planting may be at
least partially offset by higher prices for crops in years when monsoon arrives late.
Investigating farm households also allows me to examine the effect of delayed onset on per
capita farm profits, in addition to household expenditure. To assess the effect of delayed
onset on farm and non-farm households, | re-estimate equation (2.2) for rural farm

households, and (2.1) for both farm and non-farm households.

Delayed onset reduces farm profits by a considerable amount. Table 2.3 above indicates
that farm profits fall by 8,900 rupiah per month, and the effect is marginally statistically
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significant at the 10% level. This reduction represents 28% of the average monthly farm
profits per capita of all farmers. Non-parametric estimation gives estimated impacts that are
slightly smaller, but nevertheless substantial. Figure 2.5 presents the non-parametric
estimation of per capita farm profits smoothed against monsoon onset, using local
polynomial smoothing and controlling for household and year fixed effects.® Late onset
decreases per capita farm profits by approximately 5000 rupiah, or 16 per cent of average

monthly per capita farm profits, and this is statistically significant at the 5% level.

Figure 2.5. Local polynomial smoothing for per capita farm profits and monsoon onset.
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Note: Local polynomial smooth, conditional on household and year fixed effects.

Per capita expenditure, on the other hand, is less responsive to delayed onset for both farm
and non-farm households. For farm households, delayed onset in the previous year reduces
per capita expenditure by only 8.4 per cent (table 2.3). This is comparable to the estimated
impact on non-farmers (4.9 percent). Neither estimate is statistically significant at the

% |t is noted that the measure of farm profits in the IFLS data is rather crude. The section on profits aims to
cover also production for own consumption but it has no disaggregated information on costs and revenues.
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conventional levels, however. Figure 2.6 below show the non-parametric estimation of per

capita expenditure of rural farmers.

Figure 2.6. Local polynomial smoothing for per capita expenditure and monsoon onset;
rural farm households.
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Respectively, figure 2.7 below shows the non-parametric estimation for rural non-farmers.
Non-parametric estimation confirms minor differences between farmers and non-farmers.
Full set of results of the impact of monsoon onset on per capita expenditure of the rural

farm and non-farm households are given in table A8 and table A9 in the Appendix.
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Figure 2.7. Local polynomial smoothing for per capita expenditure and monsoon onset;
rural non-farm households.
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Farm households appear to fully recover from late onset within two years, as late onset two
years ago has a large (12.9 percent) and positive association with farm households’
expenditure. However, delayed onset two years ago is only weakly associated with farm
profits, suggesting that any benefit due to delayed onset two years ago may be generated
through mechanisms other than increased profits (table 2.3).

Table 2.4 shows that the estimated effects of early onset are small for both farmers and
non-farmers. Early onset the previous year is associated with a 3.2 per cent decline in
expenditure for non-farmers and a 1.7 decline for farmers. Early onset two years ago is
associated with expenditure gains of 5.7 per cent for farmers and a large gain of 17.7 per
cent for non-farmers. Given the similarity between the estimated effects of early onset in

the prior year, this result appears to be an anomaly and is difficult to explain.

With the exception of early onset two years ago, the estimated effects of variation in

onset are broadly similar for farm and non-farm households. This similarity is consistent
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with price increases in crops and knock-on effects from smaller harvests affecting all
households in a community. Farm households may be slightly more vulnerable to delayed
onset the previous year, but if anything, benefit more from delayed onset two years ago.
Early onset the previous year has small effects on both farm and non-farm households.
While the differences between farm and non-farm households are limited, there may be
larger differences between poor, middle-class, and wealthier households. The next section

examines this important question.

2.4.3 Analysis on distributional implications

As discussed above, theory offers ambiguous predictions with regards to the effect of
delayed onset on poor households. The bottom portions of tables 2.3 and 2.4 and shed light

on this by presenting estimation results for poor, middle-income and rich households.?®

The estimates suggest that the effect of delayed onset on farm profits and household
expenditure is largest for middle-class households. For these households, late onset reduces
farm profits by 13,500 rupiah per month. The reduction in farm profits is considerable, as it
represents 44% of the monthly per capita farm profits, or 11% of average total profits, of
the average middle-income farmers. The estimate is also robust to non-parametric

estimation (see figure 2.8 below).

2 Full results are available in Appendix A, tables A10, Al1, A12, A13, Al4 and A15.



30

Figure 2.8. Local polynomial smoothing for farm profits per capita and monsoon onset;
households in the second expenditure tercile.
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The reduction in per capita expenditure of the middle-income households reflects the
reductions in per capita farm profits. For these households delayed monsoon onset reduces
per capita expenditure by 15.1 percent. The estimate is similar and statistically significant

in the non-parametric estimation as well (see figure 2.9 below).
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Figure 2.9. Local polynomial smoothing for per capita expenditure and monsoon onset;
households in the second expenditure tercile.
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Poor farmers, on the other hand, suffer less than middle-income farmers following late
onset. Late onset reduces farm profits by 7, 200 rupiahs for the poorest farmers, and
expenditure by 7.1 per cent for poorest households. Moreover, only the estimated effect of

farm profits is marginally statistically significant at the 10% level %’

Finally, rich households are the least vulnerable to late onset. The estimates in table 2.3
above suggest that late onset reduces per capita profits for the wealthiest farmers by only
8,300 rupiah per month, which is nearly the same in absolute terms as the poorest farmers
and not statistically significant. Furthermore, the impact of delayed onset on per capita

expenditure of the wealthiest households is negligible.

Early onset, unlike late onset, appears to effect poor households most. Table 2.4 shows
that early onset reduces per capita profits by nearly 3,800 rupiah per month, and per capita
expenditure by 7.5 percent. The estimated effect on expenditure is statistically significant at

% The estimated effect is statistically significant at the 5% level when only the first lag of monsoon onset is
included in the regression.
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the 1% level. Middle-class and wealthy households are much better protected from early
onset. For middle-class households, early onset is associated with a small (1,750 rupiah)
reduction in farm profits and a negligible reduction in per capita expenditure, and estimated
magnitudes are similar for the top tercile of households. Early onset is associated with
abnormally high rainfall, which could lead to minor flooding that reduces production for
poor households.

As noted above in section 2.3.2, the division of households into terciles based on their
average per capita expenditure could bias the estimates. As a robustness check, | estimate
the portion of household per capita expenditure that is predetermined to the rainfall shocks.
The results when using this alternative classification are broadly similar to the original
results. In terms of household per capita expenditure, middle-income households remain
most vulnerable to delayed onset. A delayed monsoon onset in the previous year reduces
the per capita expenditure of these households by 17.8 per cent and the effect is statistically
significant at the 5% level. For poor households, the effect is close to zero and not
statistically significant. Middle-income households also suffer the most both in absolute
and relative terms when looking farm profits per capita. Farm profits of the middle-income
farmers are reduced by 13,800 rupiah following a delayed monsoon onset, compared to
10,700 rupiahs of the poor farmers. However, the estimated effect of delayed onset on the

profits of middle-income farmers is only marginally statistically significant.

An alternative method to address the possible endogeneity of the household economic
classification is to use wealth instead of household expenditure. To the extent that wealth is
less responsible to rainfall shocks than expenditure, this would mitigate the bias.
Classifying households based on wealth instead of expenditure does not change the primary
finding that households in the middle of the per capita wealth distribution face the greatest
loss in terms of farm profits and per capita expenditure after late onset, providing
suggestive evidence that the magnitude of any bias of this nature is low. The reductions
when using household assets as wealth indicator are of the same order of magnitude as
when using household expenditure. The reduction in farm profits of the middle-income
farmers became 15,000 rupiahs (instead of 13,500) and the reduction in per capita

expenditure remained 15.1 percent. However, the results that poor households are most
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vulnerable to early onset, as shown in table 2.4 is not confirmed when using average assets
rather than average expenditure as the main indicator of household wealth.

2.4.4 Household size and total expenditure

The timing of the monsoon’s arrival can affect per capita expenditure either through the
numerator, total expenditure, or through the denominator, i.e. household size. Weather
shocks may increase household size by encouraging households to combine and by
discouraging the formation of new households. Shocks, however, may also decrease
household size by encouraging out-migration from large households (Henry et al., 2004).
During the financial crisis in the late 1990s, average household size increased both in rural
and urban areas (Thomas et al., 2004). This suggests that increases in household size may

be an important coping mechanism during financial distress among Indonesian households.

To better understand the potential role of household size, I decompose the effect of
delayed onset into its effect on household size and its effect on total household expenditure,
by re-estimating equation (2.1) with log household size and log total expenditure as
dependent variables. Table A16 in the Appendix presents the results for household size, for
all households and each expenditure tercile, and table A17 shows comparable results for
total expenditure. In each table, the bottom portion of the third column presents the
estimated impacts of delayed onset for middle-income households. Delayed onset increases
household size by roughly 7.4 per cent for these households, and the estimate is statistically
significant at 1% level (table A16). Delayed onset in the prior year has a slightly larger
negative effect on household expenditure, roughly 7.7 percent, although the estimate is not
statistically significant (table A17). Therefore, in this specification, approximately 50 per
cent of the total effect of delayed onset on per capita expenditure is manifested through an

increase in household size.
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2.4.5 Intensity of rainfall versus timing of rainfall

This section turns to the secondary question of whether the results are sensitive to the use of
monsoon timing rather than rainfall intensity as the main indicator of climactic variability.
To examine this, | re-estimate equation (2.1) using rainfall intensity instead of monsoon
onset. The measure of rainfall intensity is the standardized deviation from the annual
historical mean precipitation and the knot is located at -0.6 standard deviations as before.

Annual means are taken from August to July, which coincides with the crop season.

Table 2.5 below presents the estimated effects of early and late onset from a model using
rainfall intensity. For comparison purposes, the results from the monsoon onset model
displayed in tables 2.3 and 2.4 are redisplayed here (full results are given in tables A18 and
A19). The most striking result is that the relatively large effect of delayed onset on middle-
income households also holds for rainfall intensity. For these households the estimated
impact of a one standard deviation delay in onset the prior year is virtually identical to the
estimate for a one standard deviation shortfall in rainfall amount. Both measures indicate a
positive effect of delayed onset and low rainfall two years ago. However, other results for
monsoon onset, such as the moderate negative effect of early onset on poor households, are

not apparent when using rainfall intensity.

Table 2.5. Estimated effects of onset and intensity variables on per capita expenditure from

separate regressions, IFLS data.

All households Poor households Middle-class Rich households

Prior year

Early onset -0.025 -0.075*** -0.006 0.007
High rainfall -0.011 -0.001 -0.003 -0.010

Late onset -0.069 -0.071 -0.151** 0.014
Low rainfall -0.098* 0.010 -0.149** -0.108
Two years ago

Early onset 0.106** 0.086 0.078 0.143**
High rainfall 0.041 0.032 0.055 0.030

Late onset 0.086** 0.075* 0.050 0.117**
Low rainfall 0.025 -0.030 0.122 -0.020
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While confirming that both late onset and below-average rainfall harm expenditure of the
middle-class, these results provide limited indication about which measure is more strongly
associated with expenditure. To address this question, | re-estimate a version of equation
(2.1) that includes both monsoon onset and rainfall intensity as independent variables. The
results are presented in table 2.6 below. They show that, in general, rainfall intensity has
smaller impacts than monsoon onset, particularly in the prior year. For example, the
estimated impacts of low rainfall the prior year are around half as large as the estimated
impact of late onset, for all households as well as middle-class households. The pattern
holds for farm profits as well: after controlling for the timing of rainfall, the intensity of

rainfall has little explanatory power.?

Table 2.6. Estimated effects of onset and intensity variables (same regression), IFLS data.

All households Poor households Middle-class Rich households

Prior year

Early onset -0.068* -0.109*** -0.080** -0.004
High rainfall 0.005 0.026 0.006 -0.002

Late onset -0.077 -0.086 -0.146* 0.015
Low rainfall -0.036 0.072 -0.074 -0.063
Two years ago

Early onset 0.060 0.048 0.017 0.117
High rainfall 0.042 0.039 0.061** 0.019

Late onset 0.079* 0.081 0.040 0.106*
Low rainfall 0.064 0.044 0.131* -0.001

2.4.6 Monsoon onset and local rice prices

Similarly to farm households suffering lower profits the year following delayed onset, onset
timing affects the expenditure of non-farm households as well. This suggests that rainfall
patterns could affect household welfare partly by influencing local rice prices (Falcon et al.,

2004). Since rice is the largest element in the consumer price index, and 72 per cent of the

%8 The rainfall measure used in this study, annual average rainfall, is fairly crude, compared to more
sophisticated measures taking the account to rainfall in different seasons. Exploring these measures is left for
future research.
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rural population are net consumers of rice, increases in the relative price of rice tend to

have widespread effects on household welfare.?

The measure of local rice prices comes from price information provided in the IFLS
community questionnaire. In each village the interviewer visited three markets and marked
down the price (per kg) of average quality rice. Since the information provided in IFLS1 is
not comparable to that in IFLS2 and IFLS3, | only use information provided in the latter
two waves. My preferred specification includes community and year fixed effects, which is
equivalent to regressing change in local rice prices on change in onset timing.*® To test for

robustness, | also estimate a pooled cross section regression of onset on rice prices.

The estimates indicate that late onset increases rice prices by 6.2 per cent in my
preferred specification with community fixed effects, and 3.5 per cent in the pooled cross-
section (see tables A20 and A21). These results are also confirmed by non-parametric
estimation (see figure 2.10). The figure shows a linear relationship between onset timing
and the average consumer price of rice, as late-arriving rains raises the price of rice while

early arriving rains has an opposite effect.

9 BPS does not disclose rice’s share in the consumer price index, but raw and processed foods make up 36
per cent of the index. http://www.thejakartaglobe.com/business/indonesia-inflation-hits-seven-month-high-
due-to-rising-food-prices/356040. Accessed 21 June 2010

%0 Monsoon onset is in linear form, instead of using the splines, in the rice price specifications.



http://www.thejakartaglobe.com/business/indonesia-inflation-hits-seven-month-high-due-to-rising-food-prices/356040
http://www.thejakartaglobe.com/business/indonesia-inflation-hits-seven-month-high-due-to-rising-food-prices/356040
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Figure 2.10. The effect of monsoon onset on rural rice prices, years 1997 and 2000.
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Data on spending patterns confirm that while poor households are those most directly
vulnerable, the direct welfare effect of rice price increases due to delayed onset is mild.
Table 2.7 shows that the purchased rice accounts for 14.8 per cent of the total expenditure
in the bottom tercile. Therefore, the estimated six per cent increase in rice prices due to a

one standard deviation delay in onset only reduces welfare by approximately one percent.

Table 2.7. Share of rice in the household budget by terciles, IFLS data.

Share of rice (both Share of self-grown Share of purchased
self-grown and rice in total rice in total
purchased) in total expenditure expenditure
expenditure
1 TERCILE 20.3 5.5 14.8
2" TERCILE 15.8 45 11.3

3" TERCILE 11.3 3.4 7.9




38

2.5 SUSENAS Data

This section turns to the impact analysis of monsoon onset on expenditure using repeated
cross-sections from the national socioeconomic survey. Each year, in late February or early
March, a new set of roughly 190,000 households are interviewed as part of the core of the
national socio-economic census (SUSENAS). The dataset includes results from a small
consumption module, consisting of 15 food items and 8 non-food items, that combines
purchased and self-consumption. To utilize these data, a five per cent sample of all rural
households is randomly drawn from 1993 to 2004, stratified by district, year and per capita
expenditure quintile. These 12 datasets were then combined into a single dataset consisting
of 118,500 households. In the SUSENAS data households were matched to rainfall station
closest to their district.

The SUSENAS core data has both advantages and disadvantages as a data source,
compared to the IFLS. The main advantage is that annual data are available covering 1993
through 2004 rather than only 1993, 1997, and 2000. In addition, since SUSENAS covers
the entire country, 49 weather stations can be matched per year. The IFLS, in contrast, only
covers 13 provinces and 36 matched weather stations. However, the methodology used for
SUSENAS does not imply re-interviewing the same households, which means that the
estimated effect of rainfall on expenditure will be less precise. In addition, the SUSENAS
consumption module covers relatively few goods and may not be sufficiently detailed to
accurately detect variation in household consumption. Further, SUSENAS core interviews
are implemented in February, implying that the effects of early or delayed onset might not

yet have realized in household behavior.

2.5.1 Methodology and results

To assess the effect of delayed onset on expenditure using the SUSENAS core data, |

estimated the following equation:
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In Cijt = a+¢spline, ., +g@,spiline, . +¢@,spline,, , +¢,spline,,_, + 7/Zijt + Dj +D, + Eijy-
(2.4)

In equation (2.4), as before, C.. represents the per capita expenditure of household i

ijt
located in province j in year t and splines represents the linear splines of lagged monsoon

onset measured in standard deviations as explained earlier. Z contains a vector of

household characteristics that are assumed to be unaffected by rainfall shock (gender, age

and education of the household head). D ; is a set of province dummy variables and D, is a

set of year dummies. For the sake of brevity, I only present results of spline function
approach for SUSENAS. Unfortunately SUSENAS data does not contain any information
on farm profits, and therefore only per capita expenditure is included as a dependent
variable. It is also not possible to study the heterogeneity among poor and rich households

due to the cross sectional nature of the data.

The results are shown in table A22 in Appendix. The timing of monsoon onset has little
impact on household per capita expenditure using the SUSENAS data. The point estimates
for delayed onset previous year are close to zero, and the 95 per cent confidence interval

can rule out reductions greater than one percent.®*

2.5.2 Comparing the SUSENAS and IFLS results

In the IFLS data, delayed onset the previous year has a moderately negative effect on per
capita expenditure for all rural households, though the estimates are only statistically
significant in some specifications. Further, delayed onset two years ago has a positive
relationship with per capita expenditure. In the SUSENAS specifications, neither early nor

delayed onset has a meaningful effect on per capita expenditure in any year. There are five

31 Similar results were obtained using the quadratic approach.
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main differences between the two sources of data that could account for the greater
variability in the IFLS results.

The first and most apparent potential factor is that the surveys cover different years and
provinces. SUSENAS is a nationally representative survey, although rainfall data is only
available for 22 of Indonesia’s 32 provinces.* The IFLS data covers only a subset of the
area and years covered by the SUSENAS. To test the importance of this limited coverage, |
re-estimated the effect of variation in onset in the SUSENAS, but limited the sample to
only the provinces and years covered by the IFLS. Table A23 in the Appendix presents the
results. When limiting the analysis to the IFLS years and provinces, the results change only
little and the overall conclusion that variation in monsoon onset has no meaningful impact
on expenditure in the SUSENAS data holds. Therefore, I conclude that the estimated
effects using the IFLS data are unlikely to be the result of a subsample of years and

provinces covered by the IFLS.

Another factor that might affect the results obtained in the IFLS data is the fact that the
construction of the expenditure aggregate in the IFLS1 differs from that in the later waves
due to changes in the questionnaire. However, these changes are rather small and mostly
concern the wording on whether the reported non-food expenditure amounts are for the
entire household or not. Nonetheless | test whether these changes affect the results by
excluding the households in the 1993 that stated that the reported amount is not for the
entire household or that they don’t know whether it is. The proportion of households
reporting that the amount of one or more non-food item (total of 13) is not for the entire
household is high, 50%. However, excluding these households from the econometric
analysis changes the point estimates only little. For example, delayed onset reduces now the
per capita expenditure of the middle-income households by 14.6 per cent (previously 15.1
percent). The results indicate that restricting the sample mostly affects the standard errors:
the second spline is now statistically significant at the 10% level but previously at the 5%

level. This is confirmed by randomly excluding 50% of the households in 1993.%

%2 Provinces were omitted from the analysis if they did not contain a weather station; these include North
Sulawesi, Central Sulawesi, South-East Sulawesi, Maluku, Maluku Utara, West Irian Jaya and Papua.

% | repeated the exercise for several times. By bootstrapping the standard errors | get very similar point
estimates and significance level for the unrestricted and restricted sample.
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Therefore, | conclude that the estimated effects using the IFLS data are unlikely be driven
by changes in the questionnaires.

There are three other sets of potential explanations for the discrepancy between the two
datasets. However, in contrast to differences in coverage, these are not easily testable. The
first is differences in the timing of the survey. The monsoon rains typically arrive in
September-November, depending on the location; crops are planted in the beginning of the
rainy season, and harvested in March. SUSENAS is fielded in late February or early March,
raising the possibility that households are short-sighted and only react to delayed onset by
cutting back on their expenditure after the March harvest. It is also possible that households

are better insured six months after late onset than they are a full year later.

The second possibility is that differences between the two datasets reflect the non-
representative nature of the IFLS sample, especially as the panel ages. In particular, the
IFLS makes no effort to re-contact young persons (born after 1968) that exited households
after 1993, unless they were the two children of the head in 1993 that were selected as
“main respondents”. In addition, not all new split-off households are successfully re-
contacted and re-interviewed. As a result, successive rounds of the IFLS increasingly
under-represent households with young heads.

The final set of explanations revolves around differences between the two datasets in
how expenditure is ascertained and deflated across time and space. In this respect, the IFLS
expenditure is likely to be more accurate, for three reasons. First, the IFLS consumption
questionnaire is far more detailed than the SUSENAS core. It asks households to report
consumption on 37 food items and 19 non-food items, whereas the SUSENAS core
questionnaire only asks about 15 food items and 8 non-food items. Second, the IFLS
questionnaire asks separately about purchased food, and food that was given or self-
produced. In contrast, the SUSENAS asks households to estimate the total amount that was
purchased, self-produced, or given. Third, the IFLS likely uses more accurate deflators. In
1997 and 2000, rural price deflators were constructed for each province, using data from
Rural Consumer Price Survey, whose respondents were farmers or farm workers. For the
first IFLS round, as well as all SUSENAS rounds, consumption was deflated using price

data published by the Central Bureau of Statistics (BPS). Unfortunately, price data is only
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published for major cities, meaning that the SUSENAS data is deflated by the capital city
of the province, and may not accurately reflect changes in rural prices as a result of delayed

onset.

In summary, IFLS data has more accurate information on household consumption and
better deflators. In addition, it has information on farm profits and the panel dimension
allows me to study heterogeneity among poor and rich households. On balance, IFLS data
Is the preferred data in the given context and therefore the IFLS results are considered as

the leading results of this chapter.

2.6 Conclusion

The major contribution of this chapter was to present new empirical evidence on whether
delays in monsoon onset reduce households’ farm profits and expenditure in rural
Indonesia. Previous research suggests that delayed onset reduces aggregate rice production
by reducing the area planted for rice. How households respond to these shocks, is, however,
largely unknown. Evidence from other countries suggests that households’ ability to
maintain consumption in the face of shocks varies from country to country, but this is the
first study to examine this question in Indonesia, and to my knowledge, the first to examine
how household vulnerability to climate variation depends on households’ economic status

in the context of a developing country.

Using the IFLS data the results indicate that delayed monsoon onset reduces farm profits
per capita by a moderate amount, and reductions are most significant for middle-income
farmers. For these farmers, delayed onset reduces monthly per capita farm profits by 13,500
rupiahs (around half of their monthly per capita farm profits) and expenditure by roughly
15 percent. For poor farmers the estimated reduction in farm profits is smaller (7,200
rupiahs) and only marginally statistically significant. Rich farmers are relatively well
insured against variation in monsoon onset, which may stem from their ability to self-insure

against rainfall shocks and their access to irrigated farmland, which is heavily skewed
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towards large landowners.®* Meanwhile, the more moderate impacts faced by poor farmers
are consistent with the use of lower-risk and lower-return crops and farming strategies

(Rosenzweig and Binswanger, 1993; Zimmerman and Carter, 2003).

Approximately half of the reduction in the household per capita expenditure is realized
through increases in household size. Earlier studies have shown that Indonesian households
increased the household size during the financial crisis in the late 1990s in order to benefit
from economies of scale (Thomas et al., 2004). This essay suggests that adjustment in
household size is an important coping mechanism also when household experiences a

delayed monsoon onset.

Monsoon onset, however, appears to have no lasting impact on farm profits and
expenditures. In particular, there is no empirical evidence indicating that delayed onset two
years ago has a substantial negative effect and, in fact, in some specifications it is positively
associated with per capita expenditure. Thus, in light of these estimates, | conclude that
households do not experience a substantial reduction in expenditure two years following

late monsoon onset.

The findings suggest that the timing of rainfall affects households’ behaviour more than
the amount of rainfall. After controlling for the timing of monsoon onset, the intensity of
the annual precipitation have negligible impact on household per capita expenditure.
Finally, I also find that delayed monsoon onset increases local market price of rice in rural
areas: a one standard deviation delay in onset increases the price of rice by 6.2 per cent and
the relationship between onset and local rice prices is linear. The increase in the price of
rice disproportionately harms the poor, but the effect of the price increase may be diluted,

given that purchased rice only accounts for about 15 per cent of their budget.

The results are robust to various sensitivity checks, including different functional forms,
non-parametric estimation, and the division of household into wealth terciles according to
the consumption predetermined to the rainfall shocks and according to their assets instead

of expenditure. However, the SUSENAS data does not confirm the adverse effect of

% Descriptive analysis, however, suggests that differences in access to irrigation are moderate, and cannot
explain the greater vulnerability of middle-income households. Around 55% of the poor farmers live in
communities where no technical irrigation is available, while 47% of middle-income and 44% of rich farmers.
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delayed monsoon onset on household per capita expenditure. Using the SUSENAS data |
find that monsoon onset, neither early nor delayed, has virtually any effect on per capita
expenditure. Even though it is not possible to test all the possible factors behind the
discrepancies, different timing of the surveys, as well as different ways to measure
expenditure and price changes, might have a role to play. Unfortunately, the SUSENAS
survey does not contain information on farm profits. | have discussed the strengths and
deficiencies of the two datasets in the current application, and as a result | have taken the

IFLS estimates as my main and concluding results.

An important limitation of this study is the amount and quality of the rainfall data. Only
36 rain stations were matched to each wave of the IFLS, which reduces the variation in the
main independent variable. The years prior to the IFLS interviews provide only moderate
variation in monsoon onset, and none of the years captured by the IFLS follow a strong El
Nifio year. This problem is overcome in the SUSENAS analysis, however. The measure of
late onset is based on daily rainfall data, which is undoubtedly measured with some error.
Since this measurement error is independent of local household characteristics, however, if
anything, my estimates under rather than overstate the impact of delayed onset. Future
work could investigate the accuracy of rainfall data, as well as alternative definitions of
monsoon onset and rainfall shocks.®® Despite these data limitations, the analysis
demonstrates that households in the second tercile face a substantial adverse impact from

delayed onset.

Further research could shed light on how community characteristics affect households’
ability to cope with weather shocks. In particular, households with access to irrigation and
access to credit may suffer less from climatic volatility. Finally, formal weather-based
insurance mechanisms could also mitigate loss from climate variation. Households in the
middle tercile of the expenditure distribution in rural Indonesia are not wealthy by
international standards, and the results of this study suggest that they could benefit from

further intervention.

% These could include definitions that take into account false starts, i.e. threshold is followed by a dry spell
(see for example Moron et al., 2009). However, onset dates presented in Moron et al. (2009) are in good
agreement with Naylor et al. (2007a).
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Chapter 3 The effect of weather shocks and risk on

schooling and child labour in rural Indonesia

3.1 Introduction

The objective of this chapter is to study the impact of weather shocks on schooling and
child labour in rural Indonesia. The weather shock is measured as the deviation of monsoon
onset, the start of the rainy season, from its historical mean date. In addition, this chapter
studies whether ex-ante risk affects parents’ decision to send their children to school. The

weather-related risk is measured as the coefficient of variation of monsoon onset.

Weather variables have been commonly used in the literature as a means of identifying
the effects of permanent and transitory components of income. However, despite the many
advantages of this method, mainly the strong correlation between weather and farm income
and the randomness of the weather events, the models have been based on theoretical
frameworks with somewhat strong assumptions about the operation of rural labour markets,
preferences and technology (Rosenzweig and Wolpin, 2000). Accordingly, some recent
papers have used weather variables to study the direct relationships between income risk
and income shocks and the outcome of interest using reduced form specifications (Kochar,
1999 and Rose, 2001 in Rosenzweig and Wolpin, 2000). Further, Rose (2001) argues that
the direct method enables her to eliminate the possible endogeneity problem related to
weather shock and production decision.! This study builds on this more recent body of
literature and examines the effect of weather shocks and weather risk on schooling and
child labour. It is noted that | am not able to distinguish the mechanism through which the
effects materialise. Nevertheless, the objective of this essay is to document the impacts of
past weather shocks and weather risk and therefore the mechanisms are of secondary

interest.

! For example, Walker and Ryan (1990) find that farmers commonly increase the acreage of drought-resistant
crops relative to that of water intensive crops if their expectations of the rainfall conditions are poor.
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The research questions addressed in this chapter are important from a policy perspective
for a number of reasons. The expected changes in climate patterns represent a serious threat
to agricultural productivity in developing countries, which undoubtedly affect livelihoods
and incomes of rural population (see for example Cline, 2007; Easterling et al., 2007). Rice
farming in Indonesia is greatly affected by the variation in the timing of the rainy season
(monsoon) as El Nifio events can delay rice planting by up to two months, reducing the area
harvested and often driving up domestic and international rice prices (Falcon et al., 2004;
Naylor et al., 2007a). Further, the current consensus predicts that the Asian monsoon will
intensify in the future with climate warming, implying more and longer droughts in
Indonesia (Overpeck and Cole, 2007). Agriculture continues to be an important source of
livelihood while 60% of the work force in rural Indonesia engages in agriculture. Except
for the well-documented relationship between monsoon onset and rice production (se, for
example, Naylor et al., 2001; Naylor et al., 2007a) the socio-economic implications of
climate variability in Indonesia are relatively unknown. This study seeks to fill this gap by

studying the effect of climate variability on schooling and child labour.

Most of the previous literature has focused on ex post effect of a shock on education
outcomes (see, for example, Kruger, 2007 and Maccini and Yang, 2009) while one of the
contributions of this chapter is to enhance understanding on how schooling is used as a
measure to cope with risk, that is the realization of a shock ex ante. > Children’s schooling
in risky environments might be adversely affected by households’ need to build-up buffer

stocks to cope with future shocks.

Schooling and other investments in human capital play an important role in escaping
poverty; yet there are many factors that may interrupt schooling or prevent children from
starting school. A broad body of literature has examined the interaction between exogenous
shocks, such as unemployment, illness, crop loss, income loss, and investments in children
(see, for example, Jacoby and Skoufias, 1997; Jensen, 2000; Thomas et al., 2004; Kruger,
2007). These questions are of particular relevance in developing countries where missing
and/or imperfect credit markets may hinder investments in human capital. Along with

human capital investments economists have been interested in the determinants of child

2 On the effect of risk on schooling, see for example Fitzsimons (2007) and Kazianga (2005).
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labour and the impacts of exogenous shocks on child labour (see, for example, Kruger,
2007; Beegle et al., 2008; Yang, 2008).

My prior hypothesis is that early onset has either a positive or neutral impact on school
attendance whereas delayed onset has a negative effect. This is based on previous research
which shows that delayed onset decreases the amount of rice harvested in the following
calendar year (Falcon et al., 2004).® The reduced harvest affects households’ farm profits,
which in turn might have implications on households’ investment in human capital,
especially in rural settings where credit is likely to be scarce. However, both good harvest
and bad harvest (delayed onset) could increase the demand for child labour because the
child wage has both substitution and income effects. The increase in the child wage rate
increases the demand for child labour because of the substitution effect, while the income
effect has a negative sign. Therefore, the total effect depends on the relative strength of
these two factors. Indeed, Kruger (2007) finds that coffee boom raises child labour in
Brazil, whereas Beegle et al., (2008) argue that self-reported crop loss lead to increased

hours worked by children in Tanzania.

This study contributes to the literature on households’ coping mechanisms when facing
an exogenous shock, with a particular emphasis on weather shocks and weather-related
risk. Children’s schooling is at risk when household faces a rainfall shock affecting its
income. Grimm (2008) analyses the impact of food price inflation on children’s schooling
in Burkina Faso. The findings suggest that a loss in purchasing power had a negative effect
on enrolment rates. Jensen (2000), using data on Cote d’Ivoire, finds that enrolment rates
for children aged 7-15 declined by 14 and 11 percentage points among boys and girls,
respectively, in areas that experienced adverse weather conditions, and actually increased at
the same time in all other areas. Jacoby and Skoufias (1997), using the ICRISAT data on
rural India, find that child labour and school attendance play a significant role in the self-
insurance strategy for poor households. Bjorkman (2006) finds that negative rainfall, and
thus income shocks, reduces female enrolment in primary school in Uganda. In respect to
weather risk, Rose (2001) finds that ex ante risk, measured as the coefficient of variation of
rainfall, increases the probability of a household participating in the labour market in rural

% Also in Chapter 2 of this thesis | find that delayed onset has an adverse effect of expenditure and farm
profits of the middle-income households.



48

India.” In addition the author finds that also unexpected bad weather increases labour force

participation.

Past weather shocks have adversely affected also Indonesian households. Self-reported
crop loss is associated with reduced education expenditure (Cameron and Worswick, 2001).
Aggregate village-level risk, measured as past rainfall variability, was found to have
reduced educational attainment of rural children (Fitzsimons, 2007). Finally, early-life
drought between 1953 and 1973 adversely affects health, educational attainment, espousing

quality, and adult socioeconomic status in rural Indonesia (Maccini and Yang, 2009).

The overall effect of child labour on individual welfare is ambiguous in theory. Child
labour may itself be harmful for child’s education and health, and these adverse effects
might be lasting (see for example O’Donnell et al., 2005; Beegle et al., 2008). On the other
hand, child might gain essential work experience that could be rewarded in the labour
market (see for example Beegle et al., 2005). Nonetheless, several empirical studies have
revealed negative consequences of child labour (Kruger, 2007; Beegle et al., 2008).°
However, it is important to make a distinction between different types of child labour.
Studies on India demonstrate that child labour in rural areas is often ‘light’ in a sense that
children ought to be able to educate themselves and work, provided that schools were

available. However, the story is very different for organized child labour (Basu, 1999).°

Using three rounds of the Indonesia Family Life Survey, IFLS data, | find that delayed
monsoon onset has an increasing impact on the incidence of child labour. A one standard
deviation delay in monsoon onset in the previous year increases the probability of a child
working by 5.8 percentage points using data for 2000 only and 9.5 percentage points in the
course of the three surveys. With respect to education, | find that delayed monsoon onset

only in particular years is harmful for school attendance: delayed onset in the transition

* The dependent variable in the main analysis is a dummy variable indicating whether a member of the
household participated in the labour market.

® It is notable that Beegle et al. (2005) find that the loss in education attainment due to child labour is offset by
increased earnings from wage and farm work. However, the authors argue the lasting effect of the reduced
education may only realize in the long term when the return to education increase and return to work
experience decrease.

® Basu and Van (1998) argue that in the multiple equilibrium parents choose to send their children to work
when additional income is needed (bad equilibrium), but refuse to do so when adult wages are sufficiently
high.
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year from primary to secondary school reduces the probability of attending school in
following years by 2.8 percentage points. Finally, young children aged 6-10 years are less

likely to enter primary school in riskier environments.

The remainder of the chapter is structured as follows. Section 3.2 provides a short
introduction on rice farming in Indonesia and overviews of the education system and child
labour in Indonesia. Section 3.3 introduces the data, and section 3.4 describes the empirical
approach. Results are presented and discussed in sections 3.5 and 3.6. The final section

concludes, discusses some policy implications and outlines areas for future research.

3.2 Background

3.2.1 Farming and rice production in Indonesia

In Indonesia, rainfall patterns vary greatly within a year across districts as well as within
districts over time. As the country is located close to the equator, the variation in
temperature is very small, both within years and across them, implying that rainfall patterns
are the most important dimension of the weather variation. The climate in Indonesia
consists simply of one wet season (October-May) and one dry season (June-September)
each year.” In the 20 years before 2004, a 30-day delay monsoon onset occurred nearly 18
per cent of the time in West/Central Java and 10 per cent in East Java/Bali (Naylor et al.,
2007a).

Agriculture, despite its declining contribution to GDP (from 47 per cent in 1969 to
around 13 per cent in 2006) employs most rural Indonesians. Agriculture currently accounts
for 60 per cent of rural employment, having declined only slightly from 70 per cent in
1990. Two thirds of the households in the bottom two consumption quintiles work in
agriculture (Kishore et al., 2000; World Bank, 2008).

" See figure 3.1 for local variation.



50

Only a minority of farm households controls irrigated rice land (sawah), implying that
rain-fed agriculture continues to play a very important part. The distribution of sawah is
skewed towards larger landholders: three quarters of agricultural households controlling
sawah have less than 0.5 hectares of sawah each, and together they control only 38% of all
sawah in Indonesia (McCulloch, 2008).

In Indonesia most of rice is typically planted at the beginning of the rainy season
between October and December (see figure 3.1 for regional variations), when there is
enough moisture to prepare the land for cultivation and to facilitate the early rooting.
However, the main planting period occurs before the peak of the monsoon, because
excessive water hampers rooting. During the 3-4 months grow-out period from planting to
harvest, rice requires 600-1200 mm of water depending on the agro-ecosystem and the
timing of the rainfall or irrigation. A smaller, dry season planting take then place in April
and May after the wet season crop has been harvested (De Datta, 1981 in Naylor et al.,

2001). Figure 3.1 also shows the share of rice that is produced in each of the regions.

Figure 3.1. The timing of the rainy season and the share of rice production out of total
production in selected provinces of Indonesia.
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Note: Onset date is the date past August 1 when accumulated rainfall equals 20 cm, averaged over reporting
rainfall stations in the region for the years 1979-2004; termination date is the date on which 90% of that
year’s rainfall has accumulated. The number on each region indicates the share of region’s rice production out
of total production.

Source: Naylor et al., (2007a).
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The timing of the onset of the monsoon is affected by the EI Nifio Southern Oscillation
(ENSO), which causes anomalies in the sea surface temperature and sea-level pressure. El
Nifio events can delay rice planting by up to two months, reducing the area cultivated and
delaying the plantings of next year’s dry-season crop (Naylor et al., 2007a).® In addition to
delays in rain, ElI Nifio events are associated with reductions in the length of the rainy
season (Cook et al., 2001). Monsoon timing affects the total amount of land planted for
many crops, but is particularly important for rice. A sea-surface temperature index explains
60 per cent of rice planted in Java, and 40 per cent of the variation in rice production
(Naylor et al., 2001). From 1983 to 2004, a 30-day delay in monsoon onset caused rice
output to fall, on average, by 580,000 metric tons (11.6%) in East Java/Bali and 540,000
metric tons (6%) in West/Central Java during the main rice harvest season between January
and April (Naylor et al., 2007a). Also, studies on rice farming in India have found that

variability in area cultivated is higher than yield variability (Walker and Ryan, 1990).

3.2.2 Education system in Indonesia

Indonesia has invested considerably in education in the recent decades. After achieving
almost uniform enrolment in primary education, the policy focus has switched to increase
the enrolment in secondary education. The secondary enrolments lagged behind, increasing
slowly to just over 50 per cent in 1990. To address this problem, the Government of
Indonesia extended the obligatory school-going age to 15 years in 1994, implying that the
compulsory education was extended to nine years (six years of primary education and three
years of secondary, junior high school).”*° The junior secondary enrolment rates reached 58
per cent in 1998 and were 65 per cent (net) and 82 per cent (gross) in 2004. However, there

remains variation across provinces as well as within them. After completing junior

® During El Nino events, the warmer ocean water shifts eastward away from Indonesia causing rain to fall
over the central Pacific Ocean.

% It is beyond the scope of this study to assess the impact of the reform on school attendance.

19 The current Government is planning to increase the compulsory education to 12 years by 2014. The critics
argue that the Government should first finish the earlier reforms as the net attendance rate in the junior high
school was only 67% in 2007 (Jakarta Post 28.6.2010,
http://www.thejakartapost.com/news/2010/06/28/analysis-indonesia%E2%80%99s-12year-compulsory-
education-program.html, accessed 14.1.2011).



http://www.thejakartapost.com/news/2010/06/28/analysis-indonesia%E2%80%99s-12year-compulsory-education-program.html
http://www.thejakartapost.com/news/2010/06/28/analysis-indonesia%E2%80%99s-12year-compulsory-education-program.html
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secondary school the child can continue to senior secondary school, subject to, however,
competitive entry. Within both junior and senior high school a distinction exists between
general and vocational schools (see, for example, Pradhan, 1998, pp. 413-414; Manning,
2000, p. 26; del Granado et al., 2007).

The education expansion in Indonesia has kept up with that of most East Asian
countries. However, there remain obstacles to universal education, which could also affect
children’s engagement in labour force. Firstly, whilst primary school enrolments rates are
very high, a significant proportion of children drops out from primary school before
completing grade six (nearly 20% in 1993 and 15% in 2004). Also, the continuation from
primary to secondary school remains a problem, resulting in a significant loss in terms of
educational attainment. As a result, approximately 30% of the primary school completers
did not continue to secondary school in the late 1980s and the corresponding figure was
25% in the 1990s (Behrman and Deolalikar, 1991; Manning, 2000).

3.2.3 Child labour in Indonesia

There are a few, albeit descriptive, studies on the prevalence of child labour in Indonesia
(see, for example, Manning 2000). Priyambada et al. (2005) compare years 1998 and 1999
in order to shed light on the question about the extent to which Asian financial crisis
affected child labour and school attendance in Indonesia. However, the authors do not use
any exogenous variation for identification but instead compare two subsequent years. The
findings suggest that the probability of a child participating in the labour force is higher for
males and for children from poor families and children living in rural areas. The
probability of working is also higher in female-headed households, in households with a
high dependency ratio and in households where the head of the household is working in
agriculture. On the other hand, probability of working decreases with the education of the

household head.

From a historical perspective, the labour force participation of children aged 10-14 years
declined steeply since the mid-1970s mainly due to supply side factors, such as the increase
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in the supply of primary education and the improvements in living standards allowing
parents to better support the education of their children. Along with the increase in
education opportunities, demand side factors further contributed to the reduction; in
particular, the shift from agriculture and small-scale manufacturing that had been the most
significant employers of child labour (Manning, 2000). The steady decrease in child labour
slightly reversed in 1998 following the Asian crisis. According to the national labour force
survey, SAKERNAS, approximately eight per cent of the Indonesian children aged 10-14
were reported in the labour force. The share was higher in rural areas, 11 per cent (see
figure 3.2).1

Figure 3.2. Labour force participation of children aged 10-14 years in 1976-1998.
20

Participation Rate (%)

Urban Rural Male Female

131976 m 1987 01997 m 1998

Source: National Labour Force Surveys in Manning (2000).

1 Manning (2000) argue that SAKERANS understates the extent of child labour because it does not
adequately take into account the economic work within the household, which is common particularly in rural
areas.
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3.3 Data

3.3.1 Data sources

In this chapter the household survey employed is the Indonesia Family Life Survey, IFLS,
run by RAND Corporation and the Demographic Institute of the University of Indonesia
(IFLS1 and IFLS2) and the Rand Corporation and the Center for Population and Policy
Studies of the University of Gadjah Mada (IFLS3). It is a panel survey covering years 1993
(IFLS1), 1997 (IFLS2) and 2000 (IFLS3) and surveyed in autumn.> A fourth round of the
survey was conducted in 2007-2008, but this has not been used in this study, due to
inability to obtain rainfall data beyond 2004. There are also some other caveats for using
the IFLS4 in this study.™® Moreover, panel data techniques are not used in this study in
order to maximize the number of observations. There are approximately 4400 children aged
6-16 years for whom two or three rounds of data is available resulting in the total number
of observations in the panel model approximately 10,000 children, that is roughly 25 per
cent less than in the pooled cross section. This would be a significant reduction in the
number of observations. Moreover, | would lose, for example, all children older than 12
years in the 1993 round. Other advantages of the pooled cross section are the ability to
estimate marginal effects of the time-invariant characteristics and to maintain comparability
of the linear probability model (LPM) and probit estimates. Fixed effect probit estimate is
not available and the random effect probit estimator does not allow clustering the standard
errors. On the other hand the conditional logit estimator drops all the observations for
which the outcomes are only ones or zeros. Moreover, in the child labour section | also
estimate a single cross section for the year 2000. Hence in order to maintain comparability

of the estimates panel data techniques are not used in this study.

12 Additional information about the survey is provided in Strauss et al., (2004), Frankenberg and Thomas
(2000), and Frankenberg and Karoly (1995).

13 Firstly, IFLS4 was fielded at different time of the cropping season compared to the earlier waves. Second,
as explained more in detail later in this section, information about the timing of the rainfall has been
disseminated to rural areas since 2005. And finally, the year 2007 was considered more of La Nifia rather
than El Nifio and therefore including the 2007 would likely not increase the variation in the main independent
variable.
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IFLS data is a rich data set that provides detailed data at the individual and household
level on, among others, health, education, migration, employment, income and
consumption. The first IFLS round sampled 311 villages, covering approximately 7,200
households in 13 provinces in Indonesia, representing approximately 83% of the Indonesian
population.* Subsequent rounds attempted to re-contact all households interviewed in
1993, and households’ attrition rates were generally below five per cent. The IFLS survey
covers virtually all of the provinces highlighted in figure 3.1, which account for roughly 85
per cent of the national rice production. Out of the total sample approximately 52.4% of the
households were located in rural areas. The exclusion of urban areas limits the total sample
to 13,348 children aged 6-16 years and 6,792 children aged 6-19 years who have already

completed primary school.

The rainfall data employed is from the NOAA (National Oceanic and Atmospheric
Administration) Global Summary of the Day combined with additional data obtained from
the Indonesian Meteorological Agency (Badan Meteorologi dan Geofisika, BMG). Imputed
values for the missing values in the Global Summary of the Day data were provided by
CEREGE, Centre Européen de Recherche et d’Enseignement des Geéosciences de
I’Environnement.” The rainfall data set contains daily rainfall data for the period 1979-
2003 for 52 stations, of which 36 stations match with the IFLS data. Original IFLS
households were matched with the closest weather station at the community level and
households that have moved location were matched to the rainfall station closest to the

geographic centre of their new district.

The start of the monsoon is defined as the number of days past August 1 when
cumulative rainfall exceeds 20 cm, following Naylor et al., (2007a). The rationale for this
definition is that 20 cm of cumulative rainfall is needed to moisten the ground for rice
planting. For each station, | calculated the start date of the monsoon and onset was then
standardized using each station’s ‘leave-out’ mean and standard deviation across years. In
other words, data from the onset year was excluded when calculating the mean and

standard deviation used to standardize each year’s onset. A value of Oy, , equal to zero

% There are currently 33 provinces in Indonesia, at the time of the first survey there were 27 provinces.
> More information on the share of imputed values in the data is presented in Appendix A, Appendix to
Chapter two.
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would indicate that the nearest station’s monsoon onset last year was equal to its historical
average, while a value equal to one would indicate that last year’s monsoon arrived one
standard deviation late. The standard deviation of monsoon onset across the entire sample is
24 days. Alternative definitions of monsoon onset are also available, such as in Moron et
al., (2009) that takes into account false starts, that is, dry spells occurring after the threshold
has been reached. Nevertheless, Moron et al., (2009) argue that their estimations of mean

onset dates for various regions in Indonesia are consistent with Naylor et al., (2007a).

3.3.2 Descriptive statistics

In the literature school attendance has been a widely used measure of education outcomes
(see, for example, Al-Samarrai and Reilly, 2000; Lavy 1996; Kruger 2007). The relative
merit of focusing on attendance in the current application is also the fairly straightforward
way of linking the outcomes with the monsoon onset variables.'® From table 3.1 we can see
that the approximately 80 per cent of the rural children during the study period are
attending school. Girls and boys aged 6-16 years are equally likely to attend school. In the
school attendance specification 1 first focus on children aged 6-16 years who have not yet
completed the compulsory education, i.e. children with less than nine years of education.
Furthermore, approximately 6.4 per cent of children aged 6-16 years have never attended

school, while the corresponding figure for children aged 6-10 years is 10.8 per cent.

Table 3.1. School attendance by gender, children aged 6-16 years who have not yet
completed compulsory education (grade 9), IFLS1-IFLS3.

Currently attending Boys Girls Total
school
Yes 5,389 (80.4% of boys) 5,342 (80.4% of girls) 10,731 (80.4% of
total)
Observations 6,706 6,642 13,348

1% Educational attainment is part of the future research.
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Later | also study the effect of monsoon onset in the transition year (from primary to
secondary) on the school attendance in the following years. The decreased enrolment rates
after primary school in table 3.2 reveal that drop-outs and class repetition are a problem in
rural Indonesia as only 56.3 per cent of the children aged 6-19 years who have completed
primary education are still attending school.” Another important observation in table 3.2 is
that girls’ enrolment rate for post-primary school is slightly lower than boys’ enrolment

rate.

Table 3.2. School attendance by gender, children aged 6-19 years who have completed
primary school, IFLS1-1FLS3.

Currently attending Boys Girls Total
school
Yes 1,945 (57.9% of boys) 1,880 (54.8% of girls) 3,825 (56.3% of total)
Observations 3,359 3,433 6,792

Information provided in the IFLS household roster give significantly lower rates for
children who have worked in the past 12 months compared to the child labour figures for
rural areas provided by the Sakernas survey (see figure 3.2). According to the national
labour force survey, approximately 11% of rural children were working in 1998, compared

to the average of 4.8 per cent in the IFLS survey (see table 3.3 below).

Table 3.3. Labour force participation in the past 12 months, children aged 10-14 years,
IFLS1-1FLS3.

Did the child work? Boys Girls Total
Yes 176 (5.5% of boys) 130 (4.0% of girls) 306 (4.8% of total)
Observations 3,188 3,222 6,410

" The corresponding figure for children aged 6-16 years is 70.4%.
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On the other hand, the wave 2000 has a separate section on child labour in the child book
and according to this data approximately 17.1% of rural children aged 10-14 years worked
either for wages or as a family worker in the past month in the year 2000 (see table 3.4
below).’® The proportions of boys and girls reported to have worked seem approximately

the same.

Table 3.4. Labour force participation in the past month, children aged 10-14 years, IFLS3.

Did the child work? Boys Girls Total
Yes 199 (17.5% of boys) 183 (16.6% of girls) 382 (17.1% of total)
Observations 1,138 1,101 2,239

Comparing the data on child labour in different sources my judgement is that information
presented in the child book is more accurate than the information available in the household
roster. The child book contains information on both the wage work and work on family
business, and moreover, the respondent is the carer of the child or the child her/himself,
who likely have the best information about the work engagement. Therefore, in the child
labour analysis I will focus on the data in wave three (2000). However, for comparison, |
will also present the pooled model using information from the household roster from the
waves 1993, 1997 and 2000.

Of those children who are not attending school in 2000, approximately 38 per cent
reported to have worked in the past month. The figure is smaller for children who are
attending school, approximately 14 per cent. Further, 27 per cent of children who worked in
the past month are not attending school and accordingly 73 per cent are attending school
(see Table 3.5).

18 1t is worth noting that the in the household roster the question refers to the past 12 months where as in the
child book, wave three, the question refers to the past month. It is also notable that in 2000 the child book
contain separate questions on work for wages and work on family business and | have combined these 2
question in order to construct an overall measure of child labour (including both family labour and wage
work). In section 3.6.1 | present more detailed information on work for wages vs. family labour. The
correlation coefficient between work definition in household roster and child book in year 2000 is 0.37 and it
is statistically significant at the 1% level.
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Table 3.5. Working and attending school, children aged 10-14 years, IFLS3.

Working Attending school
No Yes Total
No 174 1,680 1,854
Yes 105 (37.6% of not 277 (14.2% of 382
attending) attending)
Observations 279 1,957 2,236

Regarding monsoon onset, none of the years prior to the IFLS years (i.e. 1992, 1996 and
1999) experienced a strong El Nifio event to an extent that monsoon onset could be delayed
as much as nearly four standard deviations (up to three months). Notwithstanding this,
monsoon onset shows meaningful variation for the proposed analysis (see figure 2.3 in

chapter two).

3.4 Empirical approach

I now discuss the specifications that I use to study the effect of weather shocks and risk and
other conventional variables, such as parental education and household wealth, on school
attendance and child labour. There are several aspects that need to be taken into account
when choosing the specification. These include pooled vs. panel regression model, non-
linear effect of monsoon onset, treatment of standard errors and the endogeneity of the per

capita expenditure, a proxy for permanent income.

The empirical approach aims to exploit the information on whether a child is currently
attending school or has worked in the past month or past 12 months.*® The probit model is
the most common method in the literature to estimate demand for schooling/child labour in
this context. Another option is a linear probability model (LPM), i.e. ordinary least square

19 Therefore the specifications in this study do not capture the intensity of schooling/working but only the
extensive margins.
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regression. In the following I discuss the relative merits of these models for the purposes of
this study.

First, a reason to prefer the probit model over the LPM is that the estimated probability
lies between [0,1]. On the other hand LPM better enables the implementation of
instrumental variable regression (IV-regression), which is needed to address the possible
endogeneity of the household expenditure measure. Instrumenting the expenditure also
enables me to reduce the potential measurement error related to the expenditure measure
(see, for example, Al-Samarrai and Reilly, 2000). LPM also enables the use of fixed

effects, which is part of the future research.

Finding suitable instruments for per capita expenditure is not straightforward,
however.”2 A common method in the literature is to use household asset measures as
instruments for household expenditure. Assets are correlated with household expenditure
and therefore fulfil the criterion of relevance. However, the criterion of validity, requiring
instruments to be uncorrelated with the error term, is more difficult to assess. Valid
instruments start a unique causal chain; i.e. create exogenous variation in the endogenous
variable that in turn changes the outcome variable. Instruments should not be directly
correlated with the outcome variable, only though the endogenous variable (see, for
example, Murray, 2006). Therefore the validity of the asset as an instrument could be
questioned.?* Even though assets are clearly correlated with household expenditure it could
be argued that higher household expenditure enables higher assets and not vice versa. This
is could be the case particularly with durable assets and housing conditions. However, the
market for land is relatively narrow in rural Indonesia and the legal and institutional
framework is very complex (World Bank, 1994). Therefore, | argue that the value of land is
a suitable instrument for per capita expenditure.”” An IV estimate captures the causal effect
for those households whose behaviour (per capita expenditure in this case) can be

manipulated by the instrument (real value of land). The effect is generally known as a local

20 |t is notable that lagged monsoon onset does not have sufficient power as an instrument for household
expenditure.

2! Sargan test can be used to assess the validity of the instruments when the number of instruments exceeds
the number of endogenous variables. However, Sargan test relies on the assumption that at least of the
instruments is valid (see Murray 2006).

22 IFLS data provide information on the value of land, judged by the household itself and not on the amount of
land.
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average treatment effect (LATE). The households in this group are called compliers (see,
for example, Angrist and Krueger, 2001). It is notable that the LATE is not informative on

those households whose per capita consumption is not affected by their land holdings.

However, the linear probability model is likely to overestimate the impact of delayed
monsoon onset in the pooled child labour specification. Only approximately 5 per cent of
the children aged 10-14 years were reported to have worked implying that very few
children engaged in labour experienced delayed monsoon onset and therefore the I1V-
regression in the linear probability framework may overstate the effect (see section 3.6.2
for further discussion). Therefore, my main specification is a pooled probit model where
the share of food in the budget proxies per capita expenditure.?® As a robustness check, |
also present an IV regression in the linear probability model where the per capita
expenditure is instrumented by the real value of land the household owns.?* Endogeneity of
household expenditure is ultimately not testable. However, Stata reports an endogeneity test
for the IV estimation which can give some indication about the endogeneity.” In the
current application the test statistic suggests that household expenditure is endogenous in
the pooled school attendance model but exogenous in the child labour specifications.? This
finding is not in line with my prior expectations and therefore the IV estimation is used
mainly as a robustness check, and the share of food proxies wealth in my main

specifications.

Another important issue is to allow a non-linear relationship between the outcomes of
interest and the timing of monsoon onset. Findings of chapter two of this thesis suggest that
monsoon onset has a non-linear impact on household per capita expenditure and farm
profits. As in chapter two I use the linear spline function (see, for example, Gujarati, 2003)
in this study. Linear splines replace the onset variable by a set of piece-wise linear
segments allowing monsoon onset to exert differential effects on school attendance and

2% Correlation between share of food in the budget and per capita expenditure is -0.185, and it is statistically
significant at the 1 per cent level.

% per capita expenditure excludes education expenditure because household expenditure on education is used
to construct the community average cost of schooling.

% With clustered standard errors the test is equal to inclusion of the residuals of the first stage to the model as
additional regressors. If the coefficient of the residuals in this augmented regression is statistically significant
then the endogenous variable is considered as endogenous.

% Similar results on the endogeneity are obtained using the IVPROBIT model. Importantly, IVPROBIT
confirms the main results of this study.
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child labour at different locations of the monsoon onset distribution, determined by the
threshold values, knots. The key empirical issue here relates to the choice of the knots;

more specifically, the location and the number of knots. In this study the choice is made by

experimentation and the best fit is obtained using three splines.?” %8

In the following equations O, , stands for monsoon onset and indicates the timing of

monsoon onset (in standard deviations compared to the historical mean) for individual i

living in province | at the nearest weather station previous year to the survey. For

example, if we assume three linear splines, the form is expressed as follows:

f(O,) = ¢ spling + ¢,spline, +@,spling,, (3.2)

Where below the first threshold value O, O, , <O/,:

spling = Oy,
spline, =0
spling, =0.

Hok

Between the two threshold values O;, and O}, O, <Oy, <O :

spling =0, ,
spling, = Oy, -0,
spling, =0.

%" The use of splines allows the early onset to exert a different (in absolute terms) effect compared to late
onset. This might be of interest especially in the child labour specification because the coefficients of the first
and third splines are evidence of the relative strengths of the underlying income and substitution effects.

% In chapter two of this thesis | use two lags of monsoon onset. However, the second lag proved to be
unnecessary in the current application. | checked that the results presented in this chapter are robust to
including the second lag but because the estimates of the second lag are close to zero and statistically
insignificant | dropped the variable.
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And above the second threshold value, O}, O, >0/, :

spling =0, ,
spling, =0, ~O.,

ok

spling, = Oy, =0y

In the equations above O” and O™ are threshold values, knots, determined in advance. The
final specifications have two knots and they are located at -0.5 and 0.5 standard deviations.
The estimated effect for ¢, provides the average effect, ceteris paribus, of monsoon onset
on attendance/child labour if the onset falls within the first linear segment, i.e. if monsoon
onset is less than the value O*. Respectively, the estimated effect for ¢, provides the
average effect for a monsoon onset that falls between the two knots and, finally, the

estimated effect for ¢, provides the average effect for an onset that falls within the third

segment, i.e. an onset greater than the value O **,

My main specification could be expressed as follows:

PR(S; /Ly =1 = a + #spline,, , +@,spline,, , +@,spline,, , + X' B +7; +T, + &y,
(3.2)
where S, is a binary variable, taking the value one if the child i, living in province j is

enrolled in school in year t and L;, is a binary variable taking value of one if child has

ijt
worked in the past 12 months either for wages or as a family worker. X', is a vector of
individual and household characteristics, including age and age squared of the child, gender
of the child, parental education, dummies for maternal and paternal orphans, religion,
gender and age of the head of the household, share of food in the budget as a proxy for

permanent income, community average travel time to school, community average cost of



64

schooling® and household demographic structure defined as number of below school age
children, number of school age children, number of adults and number of old people in the
household. Also dummies indicating households’ farm ownership or engagement in non-

farm business are included in the characteristics. y; is a vector of province dummies and
T, is a vector of year dummies. ¢ is a stochastic error term, which is robust to

heteroscedasticity and clustered on rain stations.*

Wave three in the year 2000 has more detailed and accurate information on child labour.
To take advantage of this information | estimate a probit specification for the year 2000
where the monsoon onset variable appears in linear form because linear splines may
overestimate the effect of delayed onset due to the decrease in sample size.®* The estimated

equation is:

PR(LZ; =1) = a+ 6,0y, + X' By +7; + &, (3.3)

where L2; is a binary variable, taking the value of one if the child worked for wages or as
a family worker during the past month. O;, , stands for standardized monsoon onset in the

previous year, X; is a vector of individual and household characteristics as described

earlier.

Primary school participation is almost uniform in Indonesia. However, drop-outs appear
to be a major problem in later stages. In this context delayed monsoon onset might have a

more significant role to play during the transition year from primary to secondary school.

2 | constructed household average cost of schooling (tuition fees and other costs, including supplies,
uniforms, registration fees) per household member attending school and then calculated the community
average of this cost measure.

%0 Climate shock might also suffer from spatial autocorrelation, that is, shocks in two regions are likely to be
correlated if the regions are in close proximity. However, no attempt is made to correct the standard errors for
spatial autocorrelation in this study.

31 When placing the knots at -0.5 and 0.5 standard deviations delayed monsoon onset increases the probability
of child aged 10-14 years working by over 40 percentage points in the 1V regression and over 30 percentage
points in the pooled probit model.
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To test this hypothesis | estimate the following specification for children aged 6-19 years
who have completed primary school:

PR(S ijt:1) = 520Tij + X Bs+ ¥+ A + T+ (3.4)

ijts

where S.

it 1S @ binary variable, taking the value of one if the child is attending school at the

time of the survey. In this specification, OT; is the standardized monsoon onset, in linear

form, in the transition year, i.e. in the year when the child was supposed to transfer from

primary to secondary school and A, represents birth cohort fixed effects. In Indonesia

children normally start school at the age of six, implying that children who are born in
August-December start school in the year they turn to seven. Using this information |
construct the year each birth cohort started primary school. | further assume that the
transition year is six years after starting the primary school.* It is notable that in this case
the timing of the IFLS surveys does not restrict the analysis and therefore we can use the

monsoon onset in the transition year instead of the first lag.

Finally, I study whether the riskiness of the weather affects parents’ decision to send
their children to school. The riskiness of weather is measured as the coefficient of variation
of monsoon onset (see for example Rose, 2001).% By definition, the coefficient of variation
is time-invariant. Therefore, in my view, the most relevant research question is whether the

child has ever attended school. The estimated equation is:

PR(SE;; =1) = a+ 0,COEF + X", B; +¥; +T, + &, (3.5)

32 |FLS survey also includes a question on the year/age child completed primary school. Because of the high
proportion of missing values in this question (approximately 50 percent) | decided to construct the transition
year assuming that it occurred six years after the starting of the primary school. Because of the class
repetition this measure is undoubtedly measured with error to some extent.

% Coefficient of variation is the standard deviation over the mean.



66

where the variable SE indicates whether the child has ever attended school and the variable
COEEF is the coefficient of variation of monsoon onset.

The empirical approach is based on the assumption that monsoon onset, as any rainfall
variable, is exogenous. Therefore we can interpret the changes in schooling and child
labour as causal effects due to the timing of monsoon onset, and any omitted variables of
the model should not bias the estimate of monsoon onset. Several previous studies have
assumed that rainfall is exogenous with respect to household behaviour (see, for example,
Paxon, 1992; Rose, 2001; Munshi, 2003; Newhouse. 2005; Jayachandran, 2006; the
literature is surveyed in Rosenzweig and Wolpin, 2000). However, some caution should be
exercised. In the past decade the EI Nifio phenomenon has been extensively modelled and
relatively accurate predictions about the occurrence of El Nifio/La Nifia are available. As a
result, it could be argued that monsoon onset cannot be treated as purely exogenous. Put
differently, rainfall itself is exogenous but forecasts alter farmers’ behaviour. However, I
argue that this is unlikely a problem in the current application. Firstly, even if strong El
Nifio/La Nifia years are possible to predict, at least to some extent, my data does not cover
these ‘big’ events and there remains local variation in the timing of the monsoon that is not
covered in the national aggregate forecasts. Moreover, the systematic dissemination of the
available information and forecasts to rural areas started only as a pilot project in 2005.%
Therefore, as far as | could judge, these farmers did not possess accurate forecasts on

monsoon onset.*®

In the rest of the study I focus on the effects of early and late onset. | define early onset
as a monsoon onset that arrives one standard deviation before the historical mean, and late
onset as a monsoon onset that arrives one standard deviation after the historical mean. The
multiplication of the coefficient of the first linear spline/coefficient of linear monsoon onset
by the negative one gives us the effect of the early onset and correspondingly, the

3 Information has been disseminated via Climate Change Field Schools organized for farmers. For further
information see:
http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-
indonesia-coping-with-climate-change-and-beyond. Accessed 10th October 2009.

% Field study surveyed in the main rice production kabupatens in West and East Java in late 2000s decade
indicated that formal climatic data were used in the timing of the farming activities (Natawidjaja et al., 2009).



http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-indonesia-coping-with-climate-change-and-beyond
http://www.agrometeorology.org/topics/accounts-of-operational-agrometeorology/climate-field-schools-in-indonesia-coping-with-climate-change-and-beyond
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multiplication of the coefficient of the third linear spline/coefficient of linear monsoon

onset by one gives the effect of the delayed onset.

3.5 Empirical results schooling

3.5.1 The effect of weather shocks on school attendance

Equation (3.1) is estimated for children aged 6-16 years, who have not yet completed the
compulsory education. | also divide sample into young children aged 6-10 years and older
children aged 11-16 years in order to examine whether the impact of timing of monsoon
onset on school attendance is constant across the age groups. The division of the analysis
into two age groups is supported by the finding that younger children were at a
disadvantageous position to elder children in terms of school attendance during the
economic crisis in late 1990s. Thomas et al. (2004) argue that given the higher rates of
return to secondary education in Indonesia, protecting the education of elder children is a
prudent choice in resource-scarce households. Accordingly, the authors’ results suggest that
older children, males aged 16-19 years and females aged 14-19 years were more likely to

be enrolled in school in 1998 relative to 1997.

All children aged 6-16 years

Estimates for rural children aged 6-16 years are presented in table B4 in Appendix B, for a
brief summary see table 3.6 in section 3.6.2. As robustness check | also present results from
the 1V regression in the linear probability model where the per capita expenditure has been

instrumented with the real value of household’s land.

Overall, variation in monsoon onset does not have a significant impact for school
attendance. For all children aged 6-16, monsoon onset arriving 0.5 standard deviation early
has no impact on the probability of a child attending school. The impact of monsoon onset

on school attendance is increasing in the interval between -0.5 and 0.5 standard deviations,
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but the estimated effect does not gain statistical significance. Monsoon onset arriving 0.5
standard deviations or later compared to the historical average has a decreasing impact on
school attendance, but the effect is again not statistically significant at the conventional
levels.®® Separate regressions for boys and girls do not change this overall finding (results

not reported here).

As expected, the probability of attending primary school is increasing with age but at a
decreasing rate: according to the estimates for age and age squared the turning point is
10.34 years. The estimated turning point could be an indicator of both delayed enrolment
and the problem of drop-outs. The marginal effects for the gender of the child and the
gender of the household head are not well determined. Children living in Christian
households are 5.4 percentage points more likely to attend school compared to children

living in Muslim households, but the effect is only marginally significant at the 10% level.

In line with previous studies parental education is an important determinant of children’s
education (see, for example, Lavy, 1996; Al-Samarrai and Reilly, 2000)*". For instance, if
the mother has some primary education or has completed primary education, this increases
the probability of a child attending school by 4.9 or 9.4 percentage points respectively,
compared to children whose mother has no formal education. Children whose father have
completed primary education or some secondary education are 5.2 or 7.1 percentage points
more likely to be attending school compared to ones whose father has no formal education.
However, it is notable that the highest categories of parental education are not well
determined in the IV specification even though they are highly significant in the pooled
probit regression.®® One possible explanation is that the fitted values of per capita
expenditure absorb the effect of high parental education. The important role of parents in
children’s education is also captured by the orphans in the sample. Children who have lost
their mother or father are 3.7 or 5.9 percentage points less likely to attend school compared

to children whose parents are still alive.

% The coefficient for monsoon onset in linear form is close to zero and statistically insignificant at the
conventional levels.

%" In this specification only the marginal effect for father having some primary education is not statistically
significant at the conventional levels.

% In the LPM the marginal effects of parental education are similar to the pooled probit model.
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The marginal effect of the share of food in the budget, a proxy for household wealth in
the pooled probit regression, indicates that one percentage point increase in the share of
food in the budget decreases the probability of attending school by 0.00271 of a percentage
point. The estimated elasticity is -0.212.*° As anticipated, the distance to school is an
important determinant of school attendance in rural Indonesia. Increasing the distance to
school (measured as one-way travelling time) by 10 minutes decreases the probability of
attending school by 0.02 of a percentage point. The corresponding elasticity, -0.04, is very
low, though. The estimates for the standard demand variable, logged household per capita
expenditure is explored as follows. The IV regression suggest that a 10% increase in per
capita expenditure increases the probability of attending school by 3.35 percentage points,

and the corresponding elasticity is 0.42, which is reasonable.****

Generally the estimates from the pooled probit are rather consistent with the IV
specification. However, there are some notable differences. Firstly, as already discussed
earlier, per capita expenditure is likely absorbing the effect of parental education reducing
the magnitude and/or statistical significance of the effects of parental education in the IV
specification.

Second, the effects of household demographic characteristics differ. The effect of the
number of children below school age is negative and statistically significant in the pooled
probit model but positive and statistically significant in the 1\VV-regression. The effect in the
IV regression seems rather counterintuitive given that young children need care which
commonly is the task of the siblings. The marginal effect of the number of school age
children in the family is negative and statistically significant in my main specification but
positive in the IV model. The result from the pooled probit suggests that there is some
evidence that parents are trading “quality” for “quantity” (see for example Montgomery et
al. 1995). The marginal effects of number of adults and number of old persons in the
households are positive in both specifications, but statistically significant only in the IV-

specification. This finding suggests that children and adults do not compete for the same

% The elasticity is computed using the formula: marginal effect*(mean share of food/sample proportion).

“0 The elasticity is computed using the formula: marginal effect/sample proportion.

*1 On estimations of income/expenditure elasticities on education in developing countries, see for example
Behrman and Knowles (1999).
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resources. Finally, the marginal effect for children living in households that own a non-
farm business is only statistically significant in the I\V-specification: these children are 7.0
percentage points less likely to attend school compared to children in households not

owning a non-farm business.

Young children aged 6-10 years

Estimation results for young children aged 6-10 years are presented in table B5, columns 1
and 2, and they look fairly similar to those of all children. The timing of monsoon onset
does not have a significant impact of the school attendance of young children. Monsoon
onset arriving earlier than 0.5 standard deviation compared to the historical mean has
virtually zero effect, whereas monsoon onset arriving later than 0.5 standard deviations
decreases the probability of attending school. The estimated effect of monsoon arriving one
standard deviation late is -4.5 percentage points but again, the effect does not gain

statistical significance at the conventional levels.

Among young children, girls are more likely to attend school. The estimated impact
effect indicates that girls are 1.6 percentage points more likely to attend school than boys.
Travel time to school is an important factor determining young children’s attendance but
the estimated effect is of the same magnitude as for all children. Younger children’s
attendance is increasing with parental education but there seems to be no notable difference
between mother’s and father’s education. The estimated marginal effects of the share of
food in the budget, -0.087, and per capita expenditure, 0.191, are also smaller for young
children compared to -0.271 and 0.326 for all rural children. Both the number of below
school age children and school age children in the family exert a negative impact on

younger children’s school attendance.

Older children aged 11-16 years

The estimation results for children aged 11-16 years are presented in table B5, columns 3

and 4. Estimation results show that the lagged monsoon onset has a stronger impact on
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older children. The second spline is positive and marginally statistically significant at the
10% level, implying that between the interval of -0.5 and 0 standard deviations, attendance
of older children is decreasing and increasing between 0 and 0.5 standard deviations.*> The
coefficient of the third spline is negative but not statistically significant at the conventional

levels.

Generally the impact effects for maternal education are positive and also higher than for
all children.”® For example, mother having some primary or completed primary increases
the probability of attending school for older children by 6.0 or 14.4 percentage points,
compared to 4.9 or 9.4 for all rural children, respectively. Also the impact effects of
parental education for completed primary education and above are large and significant.
However, impact effects for paternal education are not well determined in the IV
specification, likely undermined by the expenditure absorbing some of the effects as
explained earlier. The estimate for maternal and paternal orphans are marginally
statistically significant, impact effects being -0.051 and -0.064, respectively. The number
of school age children exerts a negative impact and the number of adults and old people in
the household exert a positive impact on school attendance for older children. Older
children living in Christian households are 10.6 percentage points more likely to attend
school compared to Muslim households and the impact effect is statistically significant at
the 1% level. Furthermore, the marginal effect of the share of food in the budget and per
capita expenditure are high and also highly statistically significant: a one percentage point
decrease in the share of food in the budget increases the probability of attending by 0.0045
of a percentage point, and correspondingly, a 10% increase in the per capita expenditure

increases the probability of attending school by 5.24 percentage points.

*2 The significance of the second spline might indicate that monsoon onset in linear form could fit the data
better. The estimate of the pooled probit with monsoon onset in linear form suggests that one standard
deviation delay in monsoon onset increases the school attendance of the older children by 2.6% and it is
statistically significant at the 5% level. However, the estimate of the linear monsoon onset is not statistically
significant in the IVV-model. Together this gives weak evidence that parents may protect the education of their
older children when facing delayed onset, similar to the finding of the education outcomes during the
financial crisis (Thomas et al., 2004).

8 Somewhat surprisingly the impact effect for mother having university education is negative and statistically
significant in the IV specification. However, only 110 mothers of children above 10 years have university
education.
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3.5.2 Transition from primary to secondary school

In the earlier sections | have provided evidence that monsoon onset plays limited role in the
participation in compulsory education in rural Indonesia. However, monsoon onset could
have a larger effect during the years when children are more vulnerable to drop out. The
transition from primary to secondary school has been identified as a crucial turning point in
school progress in Indonesia (see, for example, World Bank, 2006b, p. 69). To test this
hypothesis, | estimate equation (3.4) for children aged 6-19 years who have completed
primary education, the results are presented in table 3.6 (for further details, see table B6 in
the Appendix B, columns 1, 2 and 3). | assume that the transition year is six years after
starting the primary school.

I find that monsoon onset in the transition year indeed has a decreasing impact on school
attendance in the following years and the estimated effect is statistically significant at the
1% level. Monsoon onset arriving one standard deviation late in the transition year reduces
the school attendance in the following years by 2.8 percentage points, and respectively,
monsoon onset arriving one standard deviation early increases the school attendance by 2.8
percentage points.** The result is robust to the IV regression, although in the IV
specification the effect is slightly smaller (-2.1 percentage points) but also statistically
significant at the 1% level. The result is also robust to inclusion of children aged 6-16 years

only and fitting a spline function rather than monsoon onset in linear form.*®

Other variables determining the continuation from primary to secondary education are
wealth (permanent income, proxied by the share of food in the budget), parental education,
and gender, among others. Girls are 7.7 percentage points less likely to attend school after

primary education compared to boys. Controversially, the community cost of schooling

* | have included observations regardless of whether they are present in more than one wave after the
transition year. For example, persons who transferred to secondary school in 1992 might be present both in
1993 and 1997 waves. This enables capturing the lasting effects of the monsoon onset in transition year, i.e. |
am able to control whether they return to school later even if dropping from school for some period of time.
However, this does not change the results. After eliminating the duplicate observations the number of
observations decreases from 6786 to 4810 children but the estimated effect is the same and statistically
significant at the 1% level.

** For the children aged 6-16 years the estimated effect is -0.026 and it is statistically significant at the 1%
level. When using the splines the estimated effect for the early onset is 0.064 (statistically significant at the
5%) and the estimated effect for the delayed onset is -0.031 (statistically significant at the 10% level).
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exerts a positive impact on continuation from primary to secondary. However, as the cost
measure is constructed by using the community average household expenditure on
education, the measure likely captures also wealth of the community, as the coefficient is

not statistically significant in the IV specification.

The results presented above are grounded on the assumption that the birth cohort
correctly represents the school starting age. However, due to delayed enrolments the school
starting age, and therefore the transition year is likely to be, at least to some extent,
measured with error. As an additional robustness check I re-estimate equation (3.4) using
information on school starting year based on parents’ recall on the age/year their children
started primary school.*®*” Generally | consider the variable representing children’s age
more reliable than parents’ recall on the year their children started school, and therefore the
birth cohort approach is my main specification.”® Again, | assume that transition year
follows six years after the year children started primary school. The results are presented in

table B6 in the Appendix, columns 4, 5 and 6.

Monsoon onset arriving one standard deviation late compared to the historical average in
the transition year reduces the probability of attending school in the following years by 1.9
percentage points, and the estimated effect is statistically significant at the 1% level. The
effect is slightly smaller in the IV specification, -1.0 percentage points, and marginally
statistically significant at the 10% level. Together these results suggest that timing of
monsoon onset, which is a crucial factor in rice planting and production, play an important

role determining children’s continuation from primary to secondary school.

3.5.3 The impact of weather risk on school entry

In this section | present results derived from equation (3.5). The dependent variable is a

dummy variable indicating whether a child has ever attended school. The main independent

*® persons aged 15 and above personally answered this question.

*" In this specification | do not control for birth cohort fixed effects.

*8 The birth cohort approach is also robust to age group of 6-16 years and fitting the splines instead of the
monsoon onset in linear form.
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variable is the coefficient of variation of monsoon onset, representing the riskiness of the
environment. The estimation results are presented in table B7 in the Appendix.

The estimation results suggest that the riskiness of the weather does not play a
significant role in determining entry of all children age 6-16. However, risk is an important
factor affecting entry into school for young children aged 6-10 years. A 10% increase in the
coefficient of variation decreases the probability of a child entering school by 0.3 of a
percentage point, ceteris paribus.*® This is an important finding as delayed enrolment could
adversely affect the education attainment or deter the entry completely. Accordingly,
Fitzsimons (2007) find that village risk inversely affected years of schooling in rural

Indonesia.

Other important factors determining entry into school are wealth measures, parental
education, ownership of non-farm business, and gender; factors that decrease the
probability of entering include distance to school, number of below school age and number

of school age children in the household.

3.5.4 Discussion

In Indonesia, the transition year from primary to secondary school particularly has been
identified as an important year affecting future education outcomes. The findings of this
study suggest that timing of monsoon onset is a major factor determining children’s
continuation from primary to secondary school. | construct the variable indicating monsoon
onset in the transition year and find that delayed monsoon onset in this particular year
reduces the probability of attending school in the following years by 2.8 percentage points.

The size of the effect is notable and it is robust to various specifications.

The object of this paper is also to examine the relative importance of weather risk,

measured as the coefficient of variation of monsoon onset in school progress. The results

* The result is obtained using the formula: 0.1*mean coefficient of variation*marginal effect, the mean
coefficient of variation being 0.322.
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suggest that parents delay the entry into school of young children in riskier environments.
Therefore, to conclude, both ex post weather shock, i.e. delayed monsoon onset during the
transition year and ex ante weather risk, play an important role in education outcomes in
rural Indonesia. In other respects, monsoon onset in previous year has little impact on
compulsory school attendance for all rural children. However, it is notable that I am only
measuring school attendance, while monsoon onset could also affect the intensity children
are attending school (hours spent in school, among others) and education attainment.
Moreover, there seems to be some notable differences between the factors determining the
school attendance for young and old children. Family characteristics, such as share of food
in the budget as a proxy for wealth, parental educational attainment and religion have
stronger impact on older children than for younger ones. This evidence suggests that
enrolment in primary school is almost universal in Indonesia, but drop-outs are a serious
problem at later stages. Weather shocks, as well as family resources and characteristics,

play an important role in the continuation and completion of schooling in rural Indonesia.

3.6 Empirical results on child labour

To study the effect of monsoon onset on child labour | first estimate equation (3.3) with a
single cross section data using information only from the year 2000. As explained earlier in
section 3.3, there are two sources of information on child labour in the IFLS data, and I will
start with the definition that is most consistent and least problematic. Wave three in 2000
has a separate section on child’s work history in the child book, including children aged 6-
14 years. The section contains separate questions on whether child worked for wages or in
family business in the past month. The respondent of the child file is the carer of the child
or the child her/himself, who are likely have the best information about the work
engagement. | estimate a probit model where the share of food in the budget proxies
household wealth. As a robustness check, | also present results from an 1V specification in

the linear probability framework.
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In addition, | present a pooled probit specification for all years 1993, 1997 and 2000
where the dependent variable is a dummy variable indicating whether child worked (the
variable is meant to cover both the work for wages and the work in the family business) in
the past 12 months. The variable is defined for children aged 10-14 years. Unfortunately,
this variable has a large share (16.7%) of missing values in 1993. Therefore, | also present
results restricting the sample to years 1997 and 2000 only.

3.6.1 Monsoon onset, work in family business and wage work

Table B8 in the Appendix presents estimation results for the cross section specification,
using only information provided in wave three (summary of the main results are presented
in table 3.6 below). Table B8 presents marginal and impact effects from pooled probit
specification, LPM and 1V specification for all children aged 6-14 years, and old children
aged 10-14 years. Linear splines do not fit the data well and might overestimate the effect
of delayed onset.>® Therefore, | use monsoon in the linear form and focus on specifications
for all children and old children aged 10-14 years. Only 2% of children below 10 years
reported to have worked in the past month which constrains a meaningful estimation for
this age group. The corresponding figure for children aged 10-14 years is 17 per cent.
Working on family farm or family business is much more common compared to wage
work: almost 14 per cent of the children aged 10-14 years reported to have worked in the

family business in the past month, compared to 4 per cent for wage work.

For children aged 10-14 years, a one standard deviation delay in monsoon onset
increases the probability of a child working by 5.8 percentage points. The finding is
statistically significant at the 5% level, and the estimate is similar in the IV specification.
This finding suggests that monsoon onset arriving later than historical average is associated
with increased child labour. Delayed onset could cause crop loss due to reduced area

harvested and which, in turn, could increase the price of rice. In chapter two of this thesis I

%0 Restricting the sample to the year 2000 only significantly reduces the number of observations (the number
of children aged 10-14 is reduced from 6321 to 2240). For example, in the probit model for children aged 10-
14 years the estimate for the third spline, i.e. delayed monsoon onset is 0.336
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find that one standard deviation delay in monsoon onset increases the local market price of
rice by 6.2 per cent. Increased child labour may have an economic underpinning both in the
event of either crop loss or an increase in rice prices, depending, for example, on the net

producer status of the household.

Interestingly, the share of food in the budget as well as the per capita expenditure in the
IV specification are statistically insignificant, suggesting that child labour in rural Indonesia
might not be a result of poverty. This finding contrasts the findings in previous studies (see

for example Manning, 2000 and Priyambada et al., 2005).

In respect to parental education, higher parental education is associated with smaller
probabilities of child labour. For example, mother or father having some or completed
senior high school decreases the probability of a child working by 7.4 or 6.6 percentage
points, respectively. As anticipated, the ownership of a farm and non-farm business is an
important determinant of children’s engagement in work. The fact of the household having
farm business or non-farm business increases the probability of child labour by 6.4 or 8.0

percentage points, respectively.

Further disaggregation reveals that both family work and wage work are increased by
delayed onset, but the increase in wage work is slightly better determined (see table B9).
One standard deviation delay in monsoon onset increases the probability of a child working
on family business by 3.6 percentage points and for wages by 3.2 percentage points. It is
notable that neither the share of food in the budget nor the per capita expenditure has a
statistically significant effect; this holds both with the wage and family work specifications.
As expected, the ownership of farm and non-farm business only increases the probability of
a child engaging in family work. Children living in female headed households are more
likely to engage in wage work but this relationship does not hold for work on family
business.® An interaction term between gender and lagged monsoon does not gain
statistical significance implying that there are no gender differences in labour supply when
children are exposed to delayed onset (see table B10).

51 Average per capita expenditure of female headed households is slightly smaller than of male-headed
households.
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Finally, I do not find any evidence that riskiness of weather, measured as the coefficient
of variation of monsoon onset, would affect the probability of a child working (results not

reported here).

3.6.2 Monsoon onset and child labour, pooled model

Estimation results for pooled cross section for years 1993, 1997 and 2000 are presented in
table B11, in columns 1, 2 and 3. Estimation results confirm the earlier finding that delayed
monsoon onset increases the probability of a child working; specifically, monsoon onset
arriving one standard deviation late increases the probability of child labour by 9.5
percentage points.> The estimated effect is higher (0.186) in the IV specification.
However, a word of caution is appropriate. Only approximately 5 per cent of the children
aged 10-14 years were reported to have worked implying that very few children engaged in
labour experienced delayed monsoon onset and therefore the IV regression in the linear

probability framework may overstate the effect to some extent.”?

Interestingly, early onset also increases the probability of a child working, although by a
much smaller rate: the marginal effect for the first spline is -0.005. However, it is worth re-
emphasizing that monsoon onset in this segment takes only negative values and therefore
the estimation result implies that monsoon onset arriving one standard deviation early
compared to the historical mean increases the probability of a child working by 0.5
percentage points. Assuming that the early monsoon onset is associated with an increase in
the rice harvest and household incomes, this result is consistent with a strong substitution

effect.>

52 Placing the monsoon onset in linear form in the pooled probit specification suggest that delay in monsoon
onset decreases child labour. However, the coefficient is close to zero (-0.005) and only marginally
statistically significant. Further, the result is not robust to 1V specification or excluding the year 1993.

53 The coefficient of the third spline in the standard OLS regression is 0.173. Therefore the higher I\V-estimate
compared to the pooled probit is likely due to the linear probability model than to the 1V regression per se.

% This assumption is not entirely plausible, however, as | did not find robust evidence for the positive effect
of early onset on farm profits and household expenditure (see chapter 2 of this thesis).
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The marginal effect of the share of food in the budget is positive and statistically
significant implying the children living in poor households are more likely to work.
However, the estimate of the per capita expenditure in the 1V regression is not statistically
significant. The share of food in the budget is likely an imperfect proxy for income and
therefore | cannot conclude that children living in poorer households are more likely to
engage in child labour in the pooled model.

Parental education has a negative impact on the probability of a child working, as
expected, and the estimated effects are highly significant. Only the highest categories lack
statistical significance, likely due to the small number of mothers/fathers who have
completed higher degrees. Reflecting the findings in the schooling specification, the fitted
value of per capita expenditure is likely to absorb the effect of high parental education in
the IV specification. The variables for distance to school and community average

schooling costs do not have explanatory power in the demand for child labour.

In the pooled model for 1993-2000 the dummies indicating the ownership of farm and
non-farm business are not well determined, confirming the argument that the work variable

in the pooled model does not capture work on family business adequately.

Estimation results for pooled cross section for years 1997 and 2000 are presented in
table B11 in the Appendix in columns 4, 5 and 6. Restricting the sample to the years 1997
and 2000 only reduces the statistical significance of the first spline, while the third spline
remains highly significant. The estimate for the third spline suggest that monsoon onset
arriving one standard deviation late increases the probability of a child working by 11.6
percentage points. Again, the estimate for the third spline is much higher in the IV
specification (0.267). Nevertheless, the estimation results enable us to conclude that

delayed monsoon onset is associated with an increase in child labour.
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Table 3.6. Summary results for early and delayed monsoon onset on school attendance and
child labour.

School School Child Labour in Child Labour in
attendance, attendance, 2000, children 1993-2000,
children aged 6- monsoon onset in  aged 10-14 years  children aged 10-
16 years the transition year 14 years
Early monsoon -0.003 0.028*** -0.058** 0.005*
onset
Delayed -0.063 -0.028*** 0.058*** 0.095%**

monsoon onset

Notes: Early monsoon onset refers to an onset that arrived one standard deviation earlier than historical
average, and delayed monsoons onset to a one standard deviation delay.

3.6.3 Discussion

The analysis presented above suggests that delayed monsoon onset increases the incidence
of child labour. This is confirmed using both the more detailed information on child labour
in wave 2000 and in the pooled cross section. The data for 2000 reveals that both work on
the family business as well as wage work increases as a result of delayed onset. Further, the
results cast doubt whether child labour is a result of poverty as the estimates on share of
food in the budget and per capita expenditures in the 1V specifications fail to gain statistical
significance in the specification using data on the year 2000. In the pooled probit model for
1993-2000 and 1997-2000, the estimate on the share of food in the budget suggests that
children living in poorer households are more likely to work but this cannot be taken as
robust evidence because the share of food is likely an imperfect proxy for income: the
estimate on per capita expenditure in the pooled IV specification is statistically
insignificant. The results using data on 2000 suggest that children living in households

owning a non-farm business are more likely to work. It seems that these households are
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wealthier than average households which could, at least partly, explain the result that
households’ wealth is not necessarily inversely related to child labour.>

3.7 Conclusion

The major thrust of this study was to document the effects of delayed monsoon onset on
schooling and child labour in rural Indonesia, in an environment of incomplete insurance
and capital markets. Previous studies have found that parents might withdraw children
from school as a coping mechanism to an exogenous shock to household incomes. The
prior assumption about the effect of monsoon onset on child labour is less clear cut. The
conventional perception has been that negative income shocks increase child labour.
However, recent studies have emphasised the positive relationship between economic
upturns and child labour. In this context the key question is whether parents see the shock
as a temporary one that could be exploited by increasing the labour supply of their children.
Furthermore, this study has also examined the effect of risk on education outcomes.

| find that delayed onset is associated with an increase in child labour. The estimates
using data on 2000 suggest that one standard deviation delay in onset increases the
probability of a child working by 5.8 percentage points. Further disaggregation reveals that
both family work and wage work are increased by delayed onset. The spline functions in
the pooled cross section suggest that monsoon onset arriving one standard deviation late
compared to historical average increases the probability of a child working by 9.5
percentage points in the course of the surveys. Finally, | do not find any gender differences

in labour supply when studying children’s exposure to delayed onset.

Previous studies have argued that children might be particularly vulnerable to drop-out
from school in specific years. Accordingly, | study the effect monsoon onset in the

transition year from primary to secondary school on the probability of attending school in

% Using the data for 2000 the interaction term between the indicator variable for non-farm business and share
of food in the budget is negative and statistically significant at the 5% for all children aged 6-14 years
implying that wealth is not inversely related to child labour in households that owns a non-farm business.
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the following years. Indeed, delayed monsoon onset coinciding with the transition year
reduces the probability of attending by 2.8 percentage points. The estimated effect is
notable and robust to various specifications. On that account, monsoon onset is one factor,

among many, explaining drop-out and continuation from primary to secondary school.

In other respects, | find that monsoon onset in the previous year does not affect the
compulsory school attendance of children aged 6-16 years. However, the riskiness of the
environment, measured as the coefficient of variation of monsoon onset, plays a role in
parents’ decision to send their children to school. The findings of this study suggest that an
increase in the weather-related risk reduces the probability of ever attending school for
children aged 6-10 years. Thus, uncertainty about weather, and hence production, is
associated with delayed enrolments in rural Indonesia. This finding may suffer from
omitted variable problem. For example, due to data availability, | am not able to control for
the quality of household’s landholdings or access to irrigation. To the extent that the land
quality is negatively correlated with riskiness of the weather, the estimate of the education
response to weather risk is downward biased. Therefore, if anything, the results presented
here underestimates the effect of weather risk. To conclude, both ex ante weather risk and
ex post weather shock on a specific year adversely affect school progress and education

outcomes in rural Indonesia.

One limitation of this study is that the reduced form specification does not allow me to
examine the mechanisms through which late monsoon onset affects households and lead to
an increase in child labour. Another limitation is the amount and quality of the rainfall data.
Only 36 rain stations can be matched to the IFLS data and none of the years captured by the
IFLS follow a strong El Nifio year. Further, the measure of late onset is based on daily
rainfall data, which is measured with a degree of error. Since measurement error in rainfall
is independent of household characteristics, the true effect of delayed onset, both positive

and negative, is greater than the estimates presented here.

Despite the aforementioned limitations, this study makes an important contribution to
the understanding of the nature of child labour in rural Indonesia, and particularly its
response to changes in agricultural conditions. The study has also identified two important

factors that threaten school enrolment and progress in rural Indonesia: delayed monsoon
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onset in transition year and weather risk. An important policy conclusion that emerges is
that better insurance policies and/or credit opportunities might help households to cope with
the delay in the rainy season. Further, the study provides evidence suggesting that
enhancing the weather forecasting systems and the distribution of weather-related
information potentially help rural households to cope with weather shocks. Finally, further
research on the intensity of schooling and education attainment is needed to complete the
analysis on the impact of monsoon onset on education outcomes and to assess the

interaction between child labour and schooling.
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Chapter 4 A Household welfare perspective on the

expansion of palm oil production in Indonesia

4.1 Introduction

The bulk of the worldwide expansion of oil palm plantations in recent decades has occurred
in South-East Asia, and in particular in Indonesia, where the total land area devoted to palm
oil has increased more than 2100 per cent since the early 1980s (Sheil et al., 2009). The
welfare impacts of these plantations are being debated. There is evidence suggesting that oil
palm plantations and other biofuel sources bring additional income for Indonesian
households living in remote areas (see, for example, Peskett et al., 2007), and the
proponents of palm oil claim that the industry has strong spillover effects. Also, the
Government of Indonesia has subsidized smallholder production by providing credits and
land. On the other hand, palm oil producers are blamed for extreme forest degradation,
forest fires due to land clearing, and soaring food prices (see, for example, Naylor et al.,
2007b; Sheil et al., 2009; Rist et al., 2010). Despite being one of the most important topics
in Indonesia, in terms of environmental policy, climate change and rural development, it is
striking how little systematic empirical research exists on how households are affected by

the expansion of palm oil production.

The objective of this paper is to evaluate the welfare implications of the expansion of
palm oil production in Indonesia, primary focus being smallholder production. However, as
I am interested in evaluating the nationwide impact on society as a whole, I will not limit
the study exclusively to producers. The rapid expansion of palm oil production suggests
that its effects will also be distributed to non-producers. Therefore, the aggregate effects are
of crucial importance and should be taken into consideration when planning any future
expansions. My approach is to study the impact of the increase in the area of oil palm
plantations and the level of palm oil production, at the district level, on the welfare of the
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households and individuals located in these districts, regardless of whether they produce

palm oil or not.*

The main welfare indicator used in this study is the household per capita expenditure. In
addition, I will study the impact of the expansion of palm oil production on the probability
of a household member reporting symptoms of asthma. This latter indicator was selected to
evaluate the indirect costs of palm oil expansion. In particular, the conversion of tropical
forests often involves forest fires, which in turn could have adverse effects on health, and
particularly on breathing (see, for example, Osterman and Brauer, 2001). Palm oil
production also involves toxic waste being released by refineries, and previous studies
suggest that proximity to toxic waste correlates with increased levels of asthma (National
Research Council 1991, p. 171). In addition, odours coming from these refineries might

prove harmful to locals’ health.

Forest fires are a frequent phenomenon in Indonesia. Although long dry spells related to
the EI Nifio phenomenon typically worsen the situation, the prime cause of such fires is
often land clearing for plantations, as burning the land is still regarded as the quickest and
cheapest method. The study by Frankenberg et al. (2005) finds that the 1997 forest fires due
to El Nifio had a negative impact on the health of those individuals affected.? Also
Osterman and Brauer (2001) report several studies that have documented the association
between respiratory problems and both indoor and outdoor wood burning. However, the
health impacts of the expansion of palm oil production have not yet been studied.
Importantly, although land clearing using fire is now prohibited by law, smallholders
continue to use this method due to a lack of machinery for alternative land clearing
methods (Casson et al., 2007 in World Bank, 2010).

To my knowledge, this is the first study seeking to evaluate the costs and benefits of the
expansion of palm oil production using large samples of survey data. The existing, albeit
descriptive, studies have focused only on few villages at a time (see, for example,
Feintrenie et al., 2010; Rist et al., 2010). Another descriptive study by Kessler et al., (2007)

1 Oil palm (elaeis guineensis) is the plant where as palm oil refers to the oil that is extracted from the palm:
crude palm oil from the fruit and palm-kernel oil from the seed.
? In this study health status is measured as an ability to carry a heavy load, for example.
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examines the socioeconomic impacts of the production of selected agricultural
commodities, by comparing province-level outcomes in the mid 1990s with those in the
early 2000s. The evidence regarding palm oil production in Indonesia is mixed; some
indicators, such as employment, performed better than the national average, while others

performed worse, particularly GDP per capita, poverty rates®, and food security.

Indonesia has a sound track record in poverty alleviation. During the period of the late
1970s to the mid 1990s the poverty rate was halved (from 33 percent in 1978 to 17.6
percent in 1996), but it subsequently rose again to 23 percent in 1999 due to the financial
crisis. Poverty rates declined again after a strong stabilization programme, but then
increased again in 2006 following the ban on rice imports (World Bank, 2006a).* Some
descriptive village-level studies suggest a link between increased palm oil production and
poverty reduction (see, for example Susila, 2004 in Rist et al., 2010), but this has not been

verified in any larger scale study.

I employ annual data from the national household socioeconomic survey, SUSENAS,
matched with district-level data on palm oil production and area planted. Standard OLS
estimates are unlikely to provide consistent estimates, due to possible omitted factors
correlated with both household incomes and palm oil production. District fixed effects
allow me to control for all time invariant factors that affect both household welfare and
palm oil, such as soil type. However, there could still remain time-varying factors that are
omitted from the regression and therefore cause biased estimates, such as infrastructure and
rainfall, among others. There could also be reverse causality, grounded on the fact that
palm oil production requires some financial investments and knowledge, implying that
districts with higher average incomes could be more likely to produce palm oil. In order to
tease out the causal estimate of the impact of palm oil production, an instrumental variable
strategy is used. I use the historical values of palm oil production and cultivated area as my
main instrument, relying on the fact that palm oil production is most likely to expand in
areas where the suitable conditions and knowledge are already present. To avoid losing

data, the historical values are taken from the national agricultural village survey (PODES,

* HPI, Human Poverty Index. This index measures deprivations in life expectancy, education, and standard of
living.
* The poverty rate increased from 16 percent in 2005 to 17.7 percent in 2006.
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Potensi Desa Agriculture Survey). In addition, | recognize the fact that not all districts are
suitable for palm oil production. The relationship between palm oil production and forest
degradation has been well documented. According to the FAO (2005), it is estimated that
more than 56 percent of the expansion of oil palm plantations in Indonesia between 1990
and 2005 occurred at the expense of natural forest cover.” | use the district-level forest area
prior to the study period as an alternative instrument for palm oil plantations/production.
The underlying intuition is that forest area creates the potential for large oil palm

plantations.

The results suggest that smallholder production in Indonesia as a whole, and also in the
main production regions, Sumatra and Kalimantan, has a weak negative impact on
household per capita expenditure but this effect is not present among households in rural
areas. Therefore, the findings of this study indicate that there is no evidence of positive
spillover effects put forward by the proponents of palm oil. With respect to health
implications, smallholder area and production do not have an impact on the incidence of
asthma either at the national level or in the main production regions. However, the total
area and production of palm oil, i.e. including both smallholders and large plantations,
increase asthma in West, South and East Kalimantan. The estimated impacts are rather
small but, nevertheless material, given the scale of the expansion of the palm oil production

in Indonesia.

The rest of the chapter is organized as follows. Section 4.2 provides background
information on the expansion of palm oil production in Indonesia. Section 4.3 describes the
data sources and descriptive statistics. Section 4.4 introduces the methodology and section

4.5 discusses the results. Section 4.6 concludes.

® However, proponents of the palm oil industry claim that palm oil plantations are indeed forests, and that
therefore the debate over deforestation is meaningless. Nonetheless, it is generally accepted that oil palm
plantations do not provide the same degree of biodiversity and level of environmental services, such as carbon
storage, as do natural forests. Palm oil proponents also claim that current plantations mostly use degraded
forests. However, research suggests that even degraded forests retain more biodiversity than do plantations
(Gillison and Liswanti, 1999; Maddox, 2007 in Sheil et al., 2009).
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4.2 Background

There is a long history to the debate over cash crops vs. staple crops, and the welfare
impacts of cash crop production. For example, there are several studies on poverty
alleviation and cash crop production in the context of Africa; see for example Bigsten et al.,
(2003) on coffee and chat in Ethiopia; and Glewwe (1991) on cocoa in Cote d’Ivoire.
Moreover, rubber plantation owners acquired large plots of land in Indonesia during the
1980s and 1990s, and natural rubber was an important export product of the country
(Angelsen, 1995).° Some of the concerns attributed to palm oil production, such as forest
degradation, were already raised during the rubber boom. However, what distinguishes
palm oil production from that of other cash crops is the scale of its expansion. In Indonesia,
the area harvested for natural rubber was 2.9 million hectares in 2008, compared to 5-6
million hectares for palm oil (FAOSTAT). Palm oil production is also expanding to a much

wider geographic area.

In this section | first discuss the facts and trends of palm oil production internationally,
and then focus on smallholder production in Indonesia, specifically. Finally, I discuss the
costs and benefits related to palm oil production, and the relationship between palm oil

production and deforestation.

4.2.1 Palm oil production: global and local trends

Oil palm is planted for commercial purposes in over 40 countries and accounts for almost
10 per cent of the world’s permanent crop land (FAOSTAT). Indonesia is currently the
largest producer of palm oil in the world (19,500 thousand tonnes in 2008/2009), as

® In Indonesia, rubber is mainly planted and produced by smallholders; in 1998, smallholders controlled over
85 per cent of the area planted and 76 per cent of the total production (Purnamasari et al., 1999).
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Indonesian production exceeded that of Malaysia in the mid-2000s. Indonesian palm oil
production accounts for over 40 per cent of the world total production.’

The demand for palm oil has increased in the past two decades, initially for use in the
chemical industry, food production and consumer goods. The soaring demand for biofuels
explains the more recent boom. The largest importers of palm oil are China, India and the
EU-27 bloc (USDA 2009). Palm oil has a high yield in terms of oil production; one hectare
of oil palm produces 4000-5000 kg of oil, compared to 1000 kg for rapeseed, 800 kg for
sunflower and 400 kg for soya bean and coconut. (Sheil et al., 2009, p. 11; 20). Currently,
palm oil is the main source of vegetable oil, representing nearly 30 per cent of the world’s
vegetable oil production (World Bank 2010, p. 5). Besides being the world’s leading
exporters of palm oil, both Indonesia and Malaysia also have large domestic markets.

There has been an upward trend in the price of palm oil over the past two decades, albeit
with a relatively high volatility. The world price of palm oil soared during the 2000s,
peaking at US$1,146 per tonne in March 2008. However, subsequently, during the global
financial crisis, the price of palm oil plummeted down to US$400 per tonne (Sheil et al.,
2009, p. 19).

In Indonesia, palm oil is cultivated and produced by large private plantations (50 per
cent of total production), smallholders (40 per cent), and large public plantations (10 per
cent). The main production area is Sumatra, especially the provinces of North Sumatra,
Riau, South Sumatra and Jambi. However, the plantations have recently been expanding
eastwards; Kalimantan has become another major production area and Papua is expected to
become the third major production area, due to its abundance of land (see, for example,
Sheil et al., 2009; World Bank, 2010). In 2008, the region of Sumatra accounted for 78 per
cent of Indonesian palm oil production, Kalimantan 18 per cent, Sulawesi 3, and Papua 1
per cent (Departementen Pertanian, 2009). During the period 1997-2007, the area devoted
to oil palm cultivation grew fastest among smallholders, whose annual growth was 12 per
cent, compared to 3 per cent for public plantations and 6.7 per cent for private plantations.

Over this period, also the level of palm oil production grew fastest among smallholders.

" http://www.pecad.fas.usda.gov/highlights/2007/12/Indonesia_palmoil/ (accessed 28™ July 2011).



http://www.pecad.fas.usda.gov/highlights/2007/12/Indonesia_palmoil/

90

However, in prior decades the fastest growth came from private plantations (World Bank,
2010).

According to the Government of Indonesia, the rapid growth in oil palm plantations will
also continue in the future. Plantation areas are projected to expand from 7.4 million
hectares in 2008 to 9.3 million hectares by 2015, a 25 per cent increase. Smallholders are
expected to account for the largest share of this increase, although their annual growth rates
will be smaller than in the past decades. According to this scenario, smallholder plantation
areas will reach that of the private plantations. As land constraint limits expansion in
Sumatra, future growth is projected to occur predominantly in Kalimantan and Papua
(World Bank, 2010).

According to the Government statistics, there were 477 palm oil mills in Indonesia in
2006, of which majority (400) were located in Sumatra. Most of the mills are located within
the plantation areas and are owned by companies and organized smallholders. There are
only 57 independent mills in Indonesia which serve the independent smallholders, and
these are all located in Sumatra (World Bank 2010, p.8)

Palm oil contributed 1.5-2 per cent to Indonesian GDP in the early 2000s, rising to 4.5
per cent in the late 2000s (Barlow et al. 2003).% It is estimated that approximately half of
crude palm oil production is exported, with palm oil accounting for approximately 6 per
cent of the country’s non-gas export earnings (World Bank, 2010). There are no accurate
statistics on employment in the palm oil industry, but according to one estimate
approximately 1.2 million labourers were employed in this industry in the early 2000s
(Barlow et al., 2003)°. In terms of the monetary value of production, palm oil is in the
second place after rice of all agricultural products (FAOSTAT).

8 The late 2000s figure is taken from:
http://www.istockanalyst.com/article/viewiStockNews/articleid/3660667, accessed on 18" September 2011.

% According to another estimate, oil palm cultivation accounts for 1.7 million to 3 million jobs in Indonesia,
and the jobs in processing come on top of these figures. Moreover, the employment effects of smallholder
plantations are likely to be larger than those for large plantations. It is estimated that in smallholder
plantations one person is employed in every 2 hectares, compared to approximately every 7 hectares in large
plantations (World Bank, 2010).
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4.2.2 Smallholder production in Indonesia

Palm oil requires tropical conditions (an average annual precipitation of 1,780-2,280mm
and a temperature range of 24-30°C), and an altitude less than 600 meters. Furthermore,
palm oil thrives in disturbed forests and close to rivers, and is tolerant of various different
soil types (Deasy, 1942; Sheil et al., 2009). Other factors that explain the expansion of oil
palm plantations in Indonesia are infrastructure and population density, among others
(Angelsen, 1995; Miyamoto, 2006).° Improved infrastructure increases land rent, and
therefore increases the incentive to expand production. Various studies have also found that
smallholders in the developing world respond to changes in relative prices (see for example
Godoy, 1992). In Indonesia, there is also another specific factor, related to land rights and
titles, which partly explains the conversion of forests into plantations. All forest in
Indonesia is de jure owned by the state, but according to common law clearing the forest to

agricultural land gives usufruct rights to this land (Angelsen, 1995; Sirait, 2009).

Smallholder palm oil production has expanded rapidly over the past decade and plays an
important role in total production. It is estimated that around 30 per cent of smallholder
production is produced by individual farms and the remainder is by joint partnerships with
large plantations (Barlow et al., 2003, p. 9). National data do not distinguish between
independent smallholders and joint partnerships, but according to available estimates the
recent growth can be largely attributed to independent smallholders (World Bank 2010, p.
4.

One of the oldest arrangements for joint ventures between smallholders and large estates
is the Perkebunan Inti Rakyat (PIR), which was introduced in the late 1970s by the
transmigration programme.*? PIR was initially targeted at rubber plantations, but was later

191t is notable that these studies did not try to estimate any causal relationship, i.e. whether infrastructure
causes the plantation expansions, or whether plantations provide the incentive to improve infrastructure.

1 This is particularly the case in Sumatra, where the land constraint has restricted the expansion of large
plantations (World Bank, 2010, p. 8).

12 The aim of the transmigration programme was to reallocate people from the densely populated islands of
Java and Bali to the less densely populated areas of Sumatra, Kalimantan and Papua. The programme was
originally introduced during the Dutch colonial era and peaked during Suharto’s regime. However, in the
2000s only a few families were relocated.
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expanded to oil palm plantations. This scheme provided a good opportunity for large
companies to exploit both the large land areas conceded by the Government and the
abundance of low-cost labour offered by migrants relocated from other areas in Indonesia
(transmigrants).”® In some cases, land acquisitions have been accused of offering
inappropriate compensation. The Government allocated land from a land category called
conversion forests. However, on many occasions the land allocated was previously
managed and used by local communities. Other reported problems were dependence on a
single crop, deteriorated food security and limited income sources during the 4-5 year
unproductive period (Vermeulen and Goad, 2006; Feintrenie et al., 2010; World Bank,
2010).*

The PIR scheme was later followed by the Primary Cooperative Credit for Member’s
scheme, Koperasi Kredit Primer untuk Anggota (KKPA)."> For example, the KKPA
arrangement in Bungo district, in Jambi province in Sumatra, is based on a contract signed
between the company, smallholders grouped in cooperatives, and banks, under the
supervision of the Government. Smallholders allocate part of their land to the company,
which plants, manages and harvests the crops. This part of the land forms the nucleus of the
plantation, and landowners are paid back a share of the harvest revenue after deducting the
management costs. On the other hand, the planting costs for land that remains with the
smallholders, plasma, have to be paid by the smallholders. However, smallholders can opt
to also entrust the management of the plasma land to the cooperative and in turn receive a
monthly rent. Smallholders organized as cooperatives have more autonomy under KKPA
than under the traditional PIR arrangement although the bulk of the decision-making is still

in the hands of the company. (Vermeulen and Goad, 2006; Feintrenie et al., 2010).

The advantages of the KPPA arrangement for the smallholders include access to
improved seedlings and technical advice from the plantation manager. However, the
drawbacks reported are similar to the PIR arrangement, such as high debt accumulated
before the production period, disallowance of intercropping, dispute over land rights, and

environmental damage.

13 Large companies could also work without smallholders, by purchasing the land and hiring workers.
14 By comparison, the unproductive period for rubber is 6-7 years (Feintrenie et al., 2010).
!> Generally the joint ventures are called the Nucleus Estate Smallholder (NES) system.
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4.2.3 Costs and benefits of palm oil production

Palm oil plantations and production may have relatively immediate impacts on return to
labour and land. On the other hand, there may also be longer term impacts due to changes
in land use, such as effects on food security and the ecosystem, among others. As stated
earlier, this study focuses on the aggregate welfare effects of palm oil production,
irrespective of whether a household owns an oil palm farming business. Given the scale of
the palm oil expansion, it is reasonable to assume that both the benefits and costs are
distributed to a wider population. Oil palm has occupied large areas of land, possibly at the
expense of other crops, and this might threaten food security. Moreover, the need for a
quick processing after the harvest, as well as economies of scale in mills, necessitate mills
having access to large areas of mono-cropped land, preventing local people from exercising
mixed livelihood strategies (World Bank, 2010).

Palm oil production may have a different impact on household welfare in areas where
land is abundant, as compared to those where it is constrained.’® The PODES 2003
Agricultural Survey could provide some insight on this. PODES (Potensi Desa, Village
Potential Statistics) is a census of all Indonesian villages surveyed by the Central Bureau of
Statistics. PODES data on land use provides information on the hectares of rice fields that
have been converted to other purposes during the past three years. | define no loss in rice
fields if the reported area is zero, moderate loss represents villages where less than 100
hectares have been converted and heavy loss where more than 100 hectares of rice fields
have been converted to other purposes. Table 4.1 below shows the village area of oil palm
plantations according to these three categories. Descriptive evidence suggests that the
relationship between rice field conversion and oil palm plantations varies across regions. In
Sumatra, oil palm plantations are expanding onto converted rice fields, which could be
indicative of a land constraint. By contrast, in Kalimantan the largest plantations are located

in villages where no conversion of rice fields has taken place.

16 Another important question relates to how palm oil affects off-farm employment opportunities. However, |
do not have appropriate data to address this question.



94

Table 4.1. Village oil palm plantations (in hectares) and loss in rice fields.

No loss in rice Moderate loss in Heavy loss in All villages
fields rice fields rice fields
Sumatra 58.9 64.4 345.6 63
Kalimantan 60.2 15.9 35.1 55
All Indonesia 26.5 13.2 151.8 25.2

Air pollution due to land clearing and forest fires will also affect areas other than the
precise burning place. The final distribution of air pollution depends on the direction and
speed of the wind, but it is clear that the consequences are felt in a rather wide area
(Frankenberg et al., 2005). In addition, crude palm oil production generates large amounts
of waste. Refineries produce both liquid and solid waste as well as noxious odours and
smoke pollution (McCarthy and Zen, 2010).

There are also several channels through which palm oil cultivation and production could
benefit all households in the region. First, palm oil processing, such as mills and refineries,
brings employment opportunities to the area, because the fresh fruit bunches must reach the
mill within 24-48 hours of harvesting. Another possible channel is improved infrastructure
that could benefit all households and industries in the region (see, for example World Bank
2010). And finally, spillover effects may be present. Proponents of palm oil defend the
production expansion by promising increases in rural welfare and improved infrastructure.
For example, the chairman of the Indonesia Palm Oil Association (GAPKI) argues that,
“The development of oil palm plantations also plays a key role in rural development. - -
With extraordinary multiplier effects, oil palm plantations in turn will become new centers
of economic activities in rural areas. The development of road infrastructure provides

access for isolated areas, allowing fast and dynamic economic activities”.*’

17 Jakarta Post, 12" February 2009 (available at http://www.thejakartapost.com/news/2009/12/02/palm-oil-
economic-pillar-indonesia.html, accessed 15" October 2010).
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4.2.4 Deforestation

Although the relationship between oil palm plantations and deforestation has been
documented in various sources (see, for example, FAO 2005), there is a degree of
uncertainty related to the measures and definitions of deforestation (see, for example,
Angelsen, 1995). First, the range of deforestation is wide, from a complete removal of tree
cover to small changes in the ecological composition. There is no universal agreement as to
what should be considered as deforestation. Second, there is an issue concerning the
difference between permanent and temporary conversions. Also, the estimates for the
environmental costs of conversions into plantations vary. Houghton (1993) estimates that
conversion into plantations will normally result in a 30-60 per cent reduction in carbon
stock in the vegetation, whereas conversion into pasture or permanently cultivated land
involves a reduction of over 90 per cent. This estimate of the loss in carbon stock is similar
to Tomich et al., (1998). However, there is more variance in the estimations for the loss in
fauna. In addition, oil palm plantations could also follow logging in which case palm oil is

not the primary cause of deforestation (see also footnote 5).

A rather crude way to look at the relationship between oil palm plantations and
deforestation in Indonesia is to use the data provided by the PODES 2003 survey. The
section on land use contains a breakdown of forest land (hutan) in hectares converted to
other uses over the past three years.'® Using this information | construct three measures of
deforestation: no deforestation, moderate deforestation and heavy deforestation, following
Chomitz and Griffiths, (1996). The first category includes villages that report zero hectares
of converted forests (90 per cent of villages surveyed), while the second category includes
villages that report positive deforestation, but of less than 100 hectares (7.8 per cent), and,
finally, the third category covers villages that report more than 100 hectares of converted
forests (2.2 per cent). Comparing the total palm oil plantation area in these villages, we see

that plantations tend to rise with increasing levels of forest conversion (see table 4.2

'8 This variable is not a perfect measure of deforestation. First, the respondent might only have information on
the village forest land, and not the state forest land. Second, the respondent might have included secondary
forests or plantations in the forest category. Finally, it may be difficult to make precise area estimates.
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below). However, this observation cannot confirm whether oil palm plantations are causing

the deforestation.

Table 4.2. Village area of oil palm plantations (in hectares) and deforestation.

No deforestation Moderate Heavy All villages
deforestation deforestation
Sumatra 55.7 54.8 344.6 63
Kalimantan 435 44.1 224.4 55
All Indonesia 21.1 28.4 178.1 25.2

4.3 Data and descriptive statistics

To my knowledge, there are no available large-scale household surveys that include direct
questions about households’ engagement in oil palm production.*® Therefore, in this study |
use annual district level (kabupaten) palm oil data, together with the National
Socioeconomic Survey, SUSENAS. This implies that 1 am not able to distinguish those
households that are directly supported by the industry. On the other hand, the use of the
large nationally representative household survey avoids problems related to small samples,
among others. Moreover, | am able to study the effects of palm oil production nationwide.
Moreover, because the SUSENAS is surveyed in the beginning of the year and the data on
palm oil plantations and production reflect the situation at the end of the calendar year, I

use the lagged values of the palm oil.

Palm oil data (both the area planted in hectares and production in tonnes)®* come from
the Indonesian Ministry of Agriculture, Directorate General of Estate Crops
(Departementen Pertanian, Direktorat Jenderal Bina Produksi Perkebunan).?* As stated

earlier, oil palm is cultivated by smallholders, as well as by large public and private

9 The agricultural household survey, PATANAS might be an exception. However, the second round of the
panel survey would only have been available only in late 2010, and moreover, the geographic coverage of this
survey means that it would most likely only cover a few households engaged in palm oil production.

2 Area data include immature, mature and damaged plantations.

21| consider that the quality of the data is largely satisfactory. However, | dropped two observations from the
analysis that were likely outliers, i.e. had inconsistent growth in the production level compared to the previous
year.
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plantations. However, | primarily focus on smallholder production, as this may have a
stronger relationship with household expenditure than production on large plantations.
Another advantage of using smallholder data is that it covers a longer time period (2003-
2006) than do other available production data. Moreover, the smallholder data covers the
whole area of Indonesia, including over 350 districts (using the 2002 definitions of
districts). Following a decentralization process, a number of new districts were created in

the 2000s. In this study, 2002 is therefore taken as a base year.

According to the national district-level data, the average area of smallholder plantations
is 5,800 hectares and the average production is around 11,500 tonnes. Between 2003 and
2006, the average district smallholder oil palm plantation area in Indonesia increased by
approximately 50 per cent, from 4,500 hectares to 6,800 hectares. However, approximately
67 per cent of the districts in Indonesia do not have any smallholder oil palm plantations.
Restricting the sample to only those districts that do have smallholder plantations, the
average district area of smallholder plantations is 18,100 hectares and the average
production is around 41,400 tonnes, respectively. However, if we focus on the main
production regions, in Sumatra only 28 per cent of the districts do not have any smallholder
plantations, while the corresponding figure in Kalimantan is 31 per cent. The average
district smallholder plantation area in those districts that do have smallholder plantations is
22,600 hectares in Sumatra and 11,000 hectares in Kalimantan. Table 4.3 below presents
summary statistics on smallholder area and smallholder production for all districts in

Sumatran and Kalimantan irrespective of whether the districts have smallholder plantations.

Table 4.3. Descriptive statistics for district-level smallholder data in Sumatra and
Kalimantan, years 2003-2006.

Average (2003-2006) 2003 2006
Smallholder area (ha) 13,300 10,200 15,700
Smallholder 26,500 19,600 35,500

production (tonnes)
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Nationwide, smallholder oil palm plantations represent, on average, one per cent of the
district land area, but there are large differences across the regions. In Sumatra, there are
districts where up to 15 per cent of the area is covered by smallholder plantations, while in

Kalimantan, the proportion varies from 0 to 5 per cent.

In addition to the smallholder data | employ the complete production data (both
smallholders and large plantations) for selected provinces in Kalimantan.”? The area data
cover the provinces of West Kalimantan, South Kalimantan and East Kalimantan (but not
Central Kalimantan), and the production data cover the provinces of West Kalimantan and
South Kalimantan (but not Central Kalimantan and East Kalimantan). Both the production
data and the area data cover the time period 2004-2007, although data for the year 2004 is
only available for West Kalimantan.?*** In these provinces the average district area devoted
for oil palm plantations is 34,000 hectares when focusing only on those districts that do
have plantations. Table 4.4 below presents summary statistics on total area of plantations
and total production for selected provinces in Kalimantan irrespective of whether the

districts have oil palm plantations.

Table 4.4. Descriptive statistics for district-level palm oil data for selected provinces in
Kalimantan.

Average (2005-2007) 2005 2007
Total area (ha) 25,700 21,100 30,700
Total production 49,200 41,600 55,200

(tonnes)

Notes: Area data include provinces of West, South and East Kalimantan, and production data include
provinces of West and South Kalimantan. For West Kalimantan data are also available for 2004 that are
included in the regression analysis.

22 Area data cover immature, mature and damaged plantations.

% Due to the inability to get comparable household expenditure data for the year 2008, the year 2007 is only
used in health specifications.

| also have data on complete production (both smallholders and large plantations) for the whole of
Indonesia for the years 2005 and 2008. However, due to an inability to get household data for 2009 the use of
these data will be left for future research.
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The annually implemented SUSENAS survey is a nationally representative household
survey. Each year, in late February or early March, a new set of roughly 200,000
households are interviewed as part of the core of the national socio-economic census
(SUSENAS). The dataset includes results from a small consumption module, consisting of
15 food items and 8 non-food items, that combines purchased and own-produced items.
The household per capita expenditure is deflated to 2007 prices using the consumer price
index of the province capital. In addition there is data on household characteristics, such as
education and health status of the household members, and housing conditions. The average
log monthly per capita expenditure is 12.57 over the surveys, equivalent of 360,000
Indonesian rupiahs, or US$40. Very few household members report symptoms of asthma;
only 1.7 per cent of the individuals aged 10 and above reported suffering from asthma over
the preceding month, but the incidence of asthma increased from 1.4 per cent to 2.8 per

cent over the survey period.

In addition to the core datasets, two other data sets are employed in order to construct
the instruments for the IV estimation. First, PODES data is used to construct a historical
measure of palm oil production in a district. The PODES data come from a survey of over
65,000 villages throughout Indonesia, which rotates themes such as agriculture, economic
and population. The 2003 PODES Agriculture Survey includes a section on village-level
plantation crop production, and both the area and production of the five most important
plantation crops are listed here.”® It is notable that the 2003 PODES survey was
implemented in 2002 and therefore the production data refer to the year 2002. This is
important as my study period starts in 2003. | aggregate palm oil production levels and oil
palm plantation areas in all villages in a district, in order to construct a historical district-
level measure of palm oil production and plantation.?® Importantly, the 2003 PODES

survey covers the whole geographic area of Indonesia.

Satellite data on district forest cover is used to construct an alternative instrument for oil

palm plantations and palm oil production. The proportion of district area covered by forest

% As there are not too many plantation crops my judgement is that if oil palm is not listed among the five
most important crops then the cultivation of oil palm is likely to be only a marginal activity.

% It is not stated specifically whether the area and production refer to smallholders or to total production.
However, as the village head would probably not have access to data on area and production for private
companies, it is therefore likely that this measure best refers to smallholders.
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was provided by the Geographic Information Science Center of Excellence, South Dakota
State University (see Broich et al., 2010 for further information). The district area in square
kilometres was then employed in order to calculate the forest area of a district in 2000. As
discussed earlier, large areas of forest have been converted into oil palm plantations and,
therefore, district forest area prior to the study period is likely to be a good source of
exogenous variation in palm oil production.?” Because the forest area is calculated prior to
the study period, the possible direct correlation between household welfare and forest cover
is eliminated. However, despite of these advantages, there are some disadvantages related
to this instrument. First, forest data used in this study is not pure, in that it also covers
mature plantations. The satellite data employ a definition of forest as areas where there is a
tree canopy exceeding 25 per cent coverage, and greater than five meters in height.
Unfortunately, when using this definition, it is not possible to distinguish between natural
forest and mature oil palm plantations. Second, data on forest cover are only available for
Sumatra and Kalimantan. However, as Sumatra and Kalimantan are the main production
regions, and together account for approximately 95 per cent of the national production I

argue that this limitation is unlikely to bias the results to any significant extent.

Finally, 1 have monthly rainfall data covering the period of 1951-2007. This data is
taken from two sources. Data for the period 1951-1998 was provided by Kirono et al.
(1999), while that for the period of 1999-2007 come from the Indonesian Meteorological
Agency (BMG). These data are used in robustness checks in sections 4.5.1 and 4.5.2.

4.4 Empirical strategy and identification

Using the time series oil palm plantation and palm oil production data as well as SUSENAS

surveys, the impact of palm oil production expansion may be expressed as follows:

27 Strictly speaking, large forest areas could also be used for other plantation crops, such as rubber, and
therefore the effect of this IV specification could be a general plantation crop effect, not only specific to palm
oil. However, no other plantation crop has expanded as aggressively as oil palm.
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L =B+ BoPOu s + B Xige + D+t +T + &4, (4.1)

where 1, is the selected impact (expenditure, health) of household/individual i living in

district d in year t, PO is the level of palm oil production in tonnes or the area of oil palm

plantations in hectares in district d at time t -1, D a district fixed effect, x, a province-

year interaction term to control for any annual province-level shock affecting household

expenditure or health, T year fixed effect, and &, is the error term, clustered at districts.

Because the SUSENAS survey takes place in the beginning of the year, while values for oil
palm plantations and palm oil production levels reflect the situation at the end of the
calendar year, | use the lagged values of the palm oil. X is a vector of household or
individual characteristics such as housechold head’s education level, age, gender, industry
category, and occupation type, as well as household size in the household expenditure
specification. In the health specification | control for the respondent’s gender, age,
education and industry category as well as some household characteristics related to the
housing conditions that could also affect health status, such as dummy variables indicating
whether household has its own toilet or uses tap water, or whether the dwelling is owned by

household. In addition, I include a dummy for rural areas in both specifications.

The OLS specifications serve as benchmark estimates but could nonetheless be biased.
First, there could be omitted variables that are correlated both with palm oil production and
household welfare. The district fixed effects control for all time-invariant factors that affect
both household welfare and palm oil production, such as soil type. However, there could
still remain time-varying factors that are omitted from the regression and resulting,

therefore, in biased estimates, such as infrastructure and rainfall, among others.®® Also

%8 However, it is likely that the province-year interaction term captures the effects to some extent.
Nevertheless, in sections 4.5.1 and 4.5.2 | implement some robustness checks where | include rainfall as an
additional control.
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some time-invariant factors such as soil type could have both level and trend affects.?
Second, palm oil production could be endogenous in this context. Palm oil production
requires large and expensive investments, such as roads and mills, and therefore districts
with high average incomes are more likely to be engaged in palm oil production. However,
it is notable that the dependent variable is at household or individual level and palm oil is
measured at district level. Therefore to the extent that there is any reverse causality, it is
likely to be weak. Third, there could be positive sorting; that is palm oil could attract
wealthier households into the region.®® And finally, both oil palm plantations and total

production are likely measured with error.

Health status, in this case the probability of reporting symptoms of asthma, is measured
at individual level. Therefore the problem of reverse causality is less likely to be a problem
in the health specification compared to the expenditure specification. However, there could

still be omitted factors correlated both with the palm oil production and health status.

One method that addresses all four possible problems related to the OLS estimation is
the Instrumental variable approach, IV. Finding instruments for palm oil is, however, not
straightforward. Many factors determining palm oil production (including rainfall, among
others) could also be correlated with household welfare thorough other mechanisms than
palm oil (say rice production). According to the land suitability assessments the
requirements for cultivation of oil palm are not exclusive, in the sense that these areas are
typically also suitable for rubber cultivation, among other crops (Ritung et al., 2007). As
regards other geographical variables, altitude could be a potential instrument given that oil
palm thrives at altitudes below 600 metres (see section 4.2.2). However, altitude did not

have enough power as an instrument.®!

2 strictly speaking extensive cultivation could exhaust the land and alter the soil type but in this paper |
assume that soil type is time-invariant during the study period. This assumption is reasonable given the
relatively short time period.

%0 Future research could address the relationship between palm oil production and migration. However, by
controlling for the education level | am able to reduce the bias related to possible sorting.

31 One plausible explanation for this may be that the relationship between the district altitude, on the one
hand, and its palm oil production levels and oil palm plantations, on the other, is weak, in the sense that there
is no clear cut-off point, but rather a gradual decline as altitude increases. Another possible explanation is that
the data used in this study to calculate the proportion of district area that falls into four different elevation
categories is not optimal. The 2003 PODES village survey has information on the altitude of each village,
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In order to implement the IV estimation, | will construct a separate prediction model to
predict the production of palm oil in a district, and then use the predicted values as
instruments for actual values in the two-stage least squares estimation.® In the prediction
model | will exploit the fact that not all districts are suitable for oil palm plantations. The
principal idea is to include variables exogenous to household welfare in the prediction
model, in order to generate exogenous variation in the predicted values. | have identified
two potential sources of exogenous variation in the palm oil production and the relative

merits of the instruments are discussed as follows.

First, lagged values of palm oil production could predict future production. The use of
lagged values of an endogenous variable as an instrument is a standard method in the
literature (see, for example, Jalan and Ravallion, 1999). The use of lagged values as
instruments is based on the idea that areas suitable for oil palm cultivation are also likely to
have high production levels in the future. Oil palm plantations also require special
knowledge and skills, providing another reason why lagged values have good prediction
power. However, using lagged values as instruments implies losing one round of data. As |
already have a relatively short period of data, it would be preferable to not lose any data.
Therefore, in order to avoid losing any data, the historical values of palm oil production are
taken from the 2003 PODES survey.*®* This agricultural survey contains village-level
information on the planted area of oil palm and level of production of palm oil throughout
Indonesia. | aggregate these village-level data at the district level, which provides an
approximate measure of district level data in 2002. These district-level measures of oil
palm plantations and palm oil production in 2002 are time-invariant variables. Therefore
they are interacted with predicted province-level palm oil area or production in order to
predict the area of plantations and palm oil production in each district, this method to some
extent follows the method by Duflo and Pande (2007):

which I then used to calculate the proportion of villages in each elevation category in the given district. This
method relies on the assumption that the villages are of equal size and spread evenly across the district.

%2 Duflo and Pande (2007) use river gradient in order to predict the number of dams per district and then use
the predicted number of dams in the district as an instrument for actual number of dams. Another paper that
that use similar estimation strategy, that is, using predicted values as instrument for actual values, is by Saiz
(2007).

%% The 2003 Podes agricultural data uses 2002 data.



104

PO4 = oy + a;(P020024 * POy,) + D + ppe + T + €4, (4.2)

where PO, is the palm oil production level (in tonnes) or oil palm cultivated area in
hectares in district d at time t, PO2002 is the district palm oil measure in 2002, and PO,

is the predicted palm oil production in province p at time t. This is constructed by
multiplying the total production of palm oil in Indonesia in the given year with the
proportion of production in the given province in 2003. In the area specification | use the
predicted value of oil palm plantation, obtained by multiplying the total oil palm plantation
area in Indonesia in the given year by the proportion of plantations in the given province in
2003. The use of predicted, rather than actual values of province production levels and
plantation areas, ensures that the palm oil production is exogenous with the district palm oil
production. D is the district fixed effect and T year fixed effect and u,, is the province-year
interaction term included to account for any annual shocks that are common across districts

in a province and that might affect palm oil production.

As expected, historical areas of plantations and levels of production are positively
associated with current plantations and production. This finding reflects the fact that palm
oil is expanding most strongly in areas that have been identified as suitable areas for
planting oil palm and where there is appropriate knowledge and knowhow easily available.
The F-test for historical palm oil variable interacted with predicted province measure of
palm oil is 7.45-10.47, depending on the specification, implying that the chosen
instruments have sufficient prediction power (see table 4.5 below). The prediction model
for the total cultivated areas and production levels in Kalimantan is presented in table C6 in

the Appendix (see columns 1 and 2).
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Table 4.5. Prediction model for smallholder cultivation areas and production levels using
the historical data for these measures as an exogenous source of variation.

Area, All Area, Sumatra Production, Production,
Indonesia and Kalimantan  All Indonesia ~ Sumatra and
Kalimantan
Oil palm area in 2002 0.0009*** 0.0009***
(0.0003) (0.0003)
Palm oil production in 0.0002*** 0.0002***
2002
(0.0001) (0.0001)
Observations 1863 788 1863 788
F-test for instrument 10.47*** 10.46*** 7.46%** 7.45%**
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Province*year Yes Yes Yes Yes

interactions

Robust standard errors in parenthesis

Cultivation area is expressed in hectares and palm oil production in tones. Oil palm area is interacted with
predicted province area and palm oil production interacted with predicted province production.
Regression coefficients are multiplied by 1000.

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

There are some deficiencies related to this IV approach, however, as the historical values of
plantation areas and production levels may still be correlated with the error term. If there
are omitted variables that are serially correlated, the use of historical values might introduce
bias into the IV estimates, and thus undermine the validity of the instrument (see, for
example, Angrist and Krueger, 2001).>* Therefore, | will also introduce an alternative
instrument, district forest cover. As discussed earlier, the conversion of natural forest into
oil palm plantations has been widely documented. However, the presence of forests could
affect household expenditure and welfare in various ways, such as by providing firewood
and other forestry products (such as natural rubber), or by providing hunting opportunities,
among others (Angelsen, 1995). Therefore, to ensure that the correlation between forest
area and household welfare realizes through palm oil, and not through these other
mechanisms, data on forest area prior to the study period is used. | have used satellite data
on the district forest cover (per cent) for the year 2000, together with data on district area

(square kilometres), to calculate the district forest area in 2000. The district forest area may

% A potential serially correlated omitted variable is infrastructure.
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be used as an indicator of the opportunity to plant oil palm that is exogenous to household
characteristics such as knowledge and income.

One limitation of using the forest data is that it is not possible to distinguish mature
plantations, including oil palm plantations, from natural forest, which introduces some
noise to the forest measure. However, | argue that this is not a major issue, given that oil
palm plantations are not a major contributor to the total forest area. Unfortunately, | do not
have district level data on total oil palm plantation area (i.e. for both large plantations and
smallholders) in 2000. However, province level data shows that the proportion of oil palm
plantations out of total province forest cover is, on average, 11.2 per cent in Sumatra and
1.4 per cent in Kalimantan (the district forest cover data is only available for Sumatra and
Kalimantan).

The prediction model using the forest area as an instrument can be expressed as follows:

P04 = as + a,(forest x PO, ) + as(forest * t,) + D + pye + T + Egpe, (4.3)

where PO, is the palm oil production (in tonnes) or plantation area in hectares in district d
attime ¢, forest is the forest area in a district (in square kilometers) in year 2000, PO, is
the predicted palm oil production or palm oil plantation area in province p at time t as
explained earlier. The interaction term between the forest area and year dummies allows
for a varying impact of forest area on palm oil. This is to say, that the conversion rate could

be different across the years. D represents district fixed effects, T year dummies while

Upe 1S the province-year interaction term as before.

Table 4.6 below shows that, as expected, forest area in 2000 is positively correlated with
palm oil area and production in subsequent years. The corresponding F-test is

approximately 11.5 in the oil palm area specification and 17 in the production specification.
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Prediction model for total area and production in Kalimantan using district forest area as an

instrument is presented in the Appendix, in table C6 (see columns 3 and 4).

Table 4.6. Prediction model for smallholder area/production using district forest area in
2000 as an exogenous source of variation.

Oil palm area, Sumatra and Palm oil production, Sumatra
Kalimantan and Kalimantan
Forest area in 2000 0.0206***
(0.0061)
Forest area in 2000 0.0109***
(0.0026)
Observations 773 773
F-test for instrument 11.54%** 17.32%**
District fixed effects Yes Yes
Year fixed effects Yes Yes
Province*year interactions Yes Yes

Robust standard errors in parenthesis

Oil palm area is expressed in hectares and palm oil production in tonnes. In the oil palm area model district
forest area in 2000 is interacted with the predicted province area of oil palm, and in the production model
district forest area is interacted with the predicted province palm oil production.

Specifications also include forest area*year interaction terms.

Regression coefficients are multiplied by 1000.

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

I will estimate equations (4.2) and (4.3) in order to predict the cultivated area of oil palm
and the level of production in each district. The predicted values will then be used as
instruments for actual values, following Duflo and Pande, (2007) and Saiz (2007). The first
stage regression for the specification with historical values of palm oil used as an

instrument is as follows:

PO;ge = 01 + 0,P01 4 + 0:X;qc + D + T + €34, (4.4)

And the first stage regression using forest area as an exogenous variation in palm oil is as

follows:
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PO;ge = 01 + 0,P024, + 03Xiqe + D + T + €4, (4.5)

Finally I will estimate equation (4.1) with 2SLS, using fitted values from the first stage
regressions, (4.4) and (4.5). In all regressions standard errors are clustered on a district

level, *°

4.5 Empirical results

In this section | discuss the empirical results of both the OLS specification and the IV
specifications. Generally the estimated coefficients are consistent with the theory and
previous literature. For example, in the smallholder area specification for Indonesia as a
whole household per capita expenditure increases with the age of the head (but at a
decreasing rate) and with the education of the head (see table C7 in the Appendix). On the
other hand, female-headed households are poorer compared to male-headed ones.
Households whose head works in mining, manufacturing, construction, electricity,
wholesale, transportation, finance or in the public sectors have a higher per capita
expenditure level compared to households whose head works in agriculture. Similarly,
households whose heads are employers or employees have higher expenditure levels, while
those whose heads are casual workers have smaller expenditure levels than do those whose
heads are self employed. Somewhat surprisingly, the dummy variable for rural areas is

statistically insignificant.

In the health status specification the probability of an individual reporting symptoms of
asthma is greater in rural areas (see table C13 in the Appendix). However, there is no
obvious explanation why this should be the case. Traffic pollution is likely to be worse in
urban areas; on the other hand many activities related to agriculture may be correlated with
asthma in rural areas. Most importantly, the positive sign of the rural coefficient is most

likely a result of indoor pollution due to wood and other biomass being used as a cooking

% No attempt was made to use sample weights.
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and heating fuel (Osterman and Brauer, 2001).*® The probability of an individual reporting
symptoms of asthma decreases with education, although education is most likely a proxy
for income in this application, and also with age. Difficulties in breathing are less common
among females, as well as among individuals who live in dwellings that are owned by the
household and have their own toilet facilities. Next, | discuss the impact of the main
independent variables, palm oil production levels and area of oil palm plantations, on

household expenditure and individual health.

4.5.1 Smallholder area and production

Per capita expenditure. The first set of results relates to the impact of smallholder oil palm
plantation area and smallholder palm oil production on household per capita expenditure. |
first discuss the results for smallholder area. Estimates derived with the OLS suggest that
smallholder area is negatively associated with household expenditure in Indonesia as a
whole but the estimated coefficient is not statistically significant at the conventional levels
(see column 1 in table C7 in Appendix). The IV estimates give very similar results to the
OLS ones (see column 2 in table C7). There is no notable difference when restricting the

sample to rural households only (see columns 3 and 4 of the C7).

OLS regressions give rather similar results when restricting the sample to the main
production regions, Sumatra and Kalimantan. The summary of the main results for Sumatra
and Kalimantan is presented in table 4.7 below (for further details, see table C9 and C10 in
Appendix). The estimated effect of smallholder area is negative but statistically
insignificant at the conventional levels. However, in this sample the IV estimate using
historical forest area as an instrument indicates a negative effect (see column 3 in table C9).
The estimated effect suggest that a thousand hectares increase in the district-level
smallholder plantations decreases household expenditure by 0.45 of a percentage point and

the estimated effect is marginally statistically significant at the 10% level. The

% In this setting respirable particulate levels could be 10-50 times higher compared in urban areas.
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corresponding elasticity is 0.066.3” The average size of the district smallholder area in
Sumatra and Kalimantan is 13,300 hectares over the survey period, so an increase of
thousand hectares is equal to six percent. It is notable that the IV using historical
plantations as an instrument reveal a negative but statistically insignificant effect (see
column 2 of table C9). In both IV estimations the first stage F-test is acceptable albeit
higher in the specification when using historical values of plantation area as an instrument.
Moreover, the IV estimation using historical forest cover as an instrument suggest a weak
negative impact of smallholder area also in the rural areas. However, now the first stage F-
test is low (4.18) and | therefore consider it is reasonable to conclude that the negative
impact is not present among households living in rural areas (see table C10 in the
Appendix).

There could be several factors underlying the negative relationship. For example, oil
palm plantations may have been developed at the expense of crucial subsistence crops.
There is also evidence of unfair agreements between landholders and palm oil producing

companies, resulting in high debt burdens for farmers.

Next | will discuss the results for smallholder production. Using the data for Indonesia
as a whole, OLS estimation results suggest that, similarly to smallholder plantation area,
smallholder production has a negative but statistically insignificant impact on household
per capita expenditure (see table C8 in Appendix, column 1). However, the IV estimate
suggest a weak negative impact of smallholder production in all Indonesia, but again, the
negative impact is not present among rural households (see table C8 in the appendix,
columns 2 and 4). The estimated effect implies that a thousand tonnes increase in the
district-level smallholder production decreases household per capita expenditure by 0.09 of
a percentage point, while the corresponding elasticity is -0.01. It is notable that given the
wide geographic area of Indonesia and the heterogeneity of livelihood strategies, as well as
wide differences in standards of living across the country, pooling the nationwide data

might cause problems in terms of comparability.

Similar results are obtained when restricting the sample to Sumatra and Kalimantan

only. OLS regressions suggest a negative, but statistically insignificant, impact of

3" The elasticity is calculated using the form: g * %.
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smallholder production on household per capita expenditure for households in Sumatra and
Kalimantan (table C11 in Appendix, column 1). However, now both IV estimates suggest
that smallholder production decreases household expenditure in Sumatra and Kalimantan
and the estimates are marginally statistically significant at the 10% level (see Appendix
table C11, columns 2 and 3). The estimated effects imply that a thousand tonnes increase
in the district-level smallholder production decreases household per capita expenditure by
0.09 of a percentage point (using historical production from PODES 2003 as an instrument)
or 0.24 of a percentage point (using district forest area as an instrument).® The
corresponding elasticities are -0.024 and -0.068 respectively. Although these elasticities are
rather low, the scale of the expansion suggests that the economic impact is moderate. For
example, in Sumatra and Kalimantan the average district-level smallholder production
increased around 16,000 tonnes between 2003 and 2006 (from around 19,600 tonnes to
around 35,500 tonnes). Employing the estimated effects above, household per capita
expenditure fell approximately 1.44 per cent (using historical production from PODES
2003 as an instrument) or 3.84 per cent (using district forest area as an instrument) over the
study period resulting from the increase in the level of district smallholder production.
Interestingly, restricting the sample to rural households only, the negative effect is no
longer statistically significant (see table C12 in the Appendix).

Finally, it is notable that generally the coefficients in the IV regressions are larger in
absolute terms than the OLS equivalents suggesting that the OLS coefficients are biased
upwards. This is in agreement with prior expectations because, as discussed earlier, palm

oil production requires large investments and knowledge.

Robustness check. As a robustness check | include the deviation of annual rainfall from its
historical mean (for the period 1951-2007) as an additional regressor to the specifications
evaluating the impact of smallholder area and smallholder production on per capita
expenditure. For the sake of brevity | only present results for the specifications where my
main results are obtained (see tables C17 and C18 in the Appendix). | use lagged values of
rainfall because the SUSENAS survey is implemented at the beginning of the calendar year

when the realization of the rainfall is unknown. Somewhat counterintuitively, the estimated

% The average level of district smallholder production in Sumatra and Kalimantan is around 26,000 tonnes
over the survey period and therefore 1000 tonnes are equal to approximately four percent.
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coefficient of the rainfall variable is negative. However, it is only statistically significant in
some specifications. The results for my main variable, palm oil, change little and
importantly the magnitude of the smallholder area and smallholder production coefficients
remain the same. However, the only notable difference is that the IV estimate of
smallholder production for Sumatra and Kalimantan using historical values of production
as exogenous source of variation is now only statistically significant at the 10.6% level

(previously 10% level).*

Health outcomes. The impact of palm oil expansion on health outcomes is measured by
studying the probability of a household member reporting symptoms of asthma. Asthma
and difficulties in breathing could be associated with forest fires and toxic odours as well as
waste coming being released by refineries, although there could also be other relevant
health indicators. Using the data for Indonesia as a whole the results from both the OLS
regression and IV regression suggest there is no statistically significant relationship
between smallholder area and the prevalence of asthma (see table C13 in Appendix).*® The
same holds also with smallholder production (see table C14 in Appendix). The estimated

effects are always negative, but fall short of statistical significance at conventional levels.

Similarly, results from restricting the sample to Sumatra and Kalimantan only suggest
that neither smallholder production nor smallholder area has a statistically significant

impact on the incidence of asthma (see tables C15 and C16 in Appendix).*

% Because the sign of the estimated rainfall coefficient is not in line with my prior expectations the rainfall
variable is excluded from my main specifications.

“% 1t is notable that the individual data for all Indonesia is too large for estimation and therefore the data used
in this study covers a 30% sample of individuals aged 10 and above, stratified by year and district.

* | also divided the sample into adults and children but could not find any statistically significant effect.
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Table 4.7. The impact of smallholder area and smallholder production on log household per
capita expenditure and asthma in Sumatra and Kalimantan; summary of the main results.

Dependent variable LOG PCE ASTHMA
All Rural All Rural
households households households households
OoLS
Smallholder area -0.0010 -0.0009 -0.000043 -0.000090
(0.0009) (0.0009) (0.000044) (0.000064)
Smallholder production -0.0004 -0.0002 -0.000010 -0.000025
(0.0004) (0.0003) (0.000019) (0.000028)
v
Smallholder area -0.0016 -0.0015 -0.000112 -0.000264
(0.0011) (0.0010) (0.000121) (0.000208)
Smallholder production -0.0009* -0.0006 -0.000050 0.000101
(0.0005) (0.0004) (0.000060) (0.000096)

In the IV estimation historical values of smallholder production/smallholder area from PODES agricultural
survey are used. Regression coefficients are multiplied by 1000 and therefore the estimated effect is for a
1000 ha increase in the area specifications and a 1000 tonnes increase in the production specifications.

4.5.2 Total production and area in Kalimantan

The second set of results relates to the total production and plantation area (including both
smallholders and large plantations) in Kalimantan only. A summary of the main results is
presented in table 4.8 below. There are some limitations in the data with respect to Central
Kalimantan, for which the area and production data are unavailable, and also East
Kalimantan where the production data is reported in fresh fruit bunches (FFB), not crude
palm oil in tonnes. Therefore East Kalimantan is excluded from the production
specifications. Given these limitations, results cannot be generalized to whole area of
Kalimantan.*? Importantly, the number of districts in the total production specifications is
below 30 and the model test statistics and standard errors should therefore be interpreted

with some caution.*®

*2 1t is noted that West Kalimantan is the main palm oil producing province in Kalimantan and it is included
in the analysis. Moreover, due to the data available for this study | am only able to capture short-term effects.
*% The cluster robust variance-covariance matrix is asymptotically consistent in the number of clusters. Ideally
the number of clusters would therefore be relatively large.
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Per capita expenditure. OLS regressions on the impact of total area and total production
of palm oil give similar results to those for smallholders only. According to the OLS
specifications both the total district area of palm oil and total district production of palm oil
are negatively associated with household per capita expenditure but the estimates are not
statistically significant at conventional levels (see tables C19 and C20 in Appendix). The
instruments do not have enough power to assess the causal relationship between the total
area of oil palm and household expenditure. For example, using the historical values of oil
palm area as exogenous source of variation the F-test of the first stage (2SLS regression) is
only 1.57. The instruments work better in the total production specifications, although the
model test statistics should be interpreted with caution. Recognising this, the IV estimate is
consistent in that there is no statistically significant relationship between total palm oil

production and household expenditure.

Restricting the sample to rural households only does not change the overall finding that
the total area and production of palm oil are only weakly associated with household
expenditure, and the estimated coefficients do not gain statistical significance at

conventional levels.

Health outcomes. The final set of results relates to the impact of total area and
production of palm oil in Kalimantan on the probability of individuals reporting symptoms
of asthma. The OLS estimation suggests that there is a positive relationship between the
total area of oil palm and the presence of breathing difficulties but the estimated coefficient
is not statistically significant at the conventional levels. The IV estimation using the
historical values for plantation areas as an exogenous source of variation in the prediction
model confirms the positive relationship between total plantation area the incidence of
asthma and now the estimated effect is statistically significant at the 5% level (see table
C21 in the Appendix, columns 1 and 2). The result is also robust to the inclusion of the
rainfall variable (results not reported here). The estimated impact suggest that one thousand
hectares increase in the total area of district oil palm plantations increases the probability of

individual reporting breathing difficulties by 0.09 of a percentage point. The corresponding
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elasticity is 1.50.** The estimated effect for individuals living in rural areas is similar but
now the effect is only marginally statistically significant at the 10% level. Also the F-test of
the first stage is smaller 6.17, compared to 13.01 in the full sample (see table C21 in the
Appendix, column 4).

Importantly, in focusing on the total palm oil production, the OLS estimates also suggest
that total production is positively associated with incidence of asthma; the estimated
coefficient is statistically significant at the 10% level. Moreover, the size of the coefficient
is similar to that for the total area (see table C22 in the Appendix, column 1). The OLS
estimate is not statistically significant when restricting the sample to rural households only
(see table C22 in the Appendix, column 3). My IV estimates produce fairly similar results.
Using the historical values from the PODES survey as an exogenous source of variation
suggests that a thousand tonnes increases in the total production of palm oil increases the
probability of an individual reporting symptoms of asthma by 0.01 of a percentage point
and the effect is statistically significant at the 1% level (table C22 in the Appendix, column
2).* The corresponding elasticity is 0.44. The average district-level total production of
palm oil in South and West Kalimantan increased around 33% between 2005 and 2007.
Employing the elasticity listed above the results suggest that the prevalence of asthma
increased by 14.5% in West and South Kalimantan resulting of the expansion in palm oil
production. The estimated effect is also positive and statistically significant when
restricting the sample only to those individuals living in rural areas (see table C22 in
Appendix, column 4). However, as noted earlier the model test statistics and standard errors

should be interpreted with caution in the IV specifications for total production.

L X
* Elasticity is calculated: f*=

5 Both the OLS and the IV results are robust to the inclusion of the rainfall variable.
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Table 4.8. The impact of total area and total production on log household per capita
expenditure and asthma in Kalimantan, summary of the main results.

Dependent variable LOG PCE ASTHMA
All Rural All households Rural
households households households
OLS
Total area 0.0081 -0.0048 0.0002 0.0002
(0.0060) (0.0064) (0.0001) (0.0001)
Total production -0.0007 -0.0006 0.000068* 0.000076
(0.0009) (0.0007) (0.000035) (0.000046)
v
Total area -0.0015 0.0053 0.0009** 0.0009*
(0.0215) (0.0204) (0.0004) (000006)
Total production -0.0002 0.0000 0.000143*** 0.000125**
(0.0008) (0.0006) (0.000045) (0.000051)

In the IV estimation historical values of smallholder production/smallholder area from PODES agricultural
survey are used. Regression coefficients are multiplied by 1000 and therefore the estimated effect is for a
1000 ha increase in the area specifications and a 1000 tonnes increase in the production specifications. In the
total area specifications, the provinces of South, West and East Kalimantan are included; in the total
production specifications, the provinces of South and West Kalimantan are included.

4.6 Conclusion

In Indonesia, the area of oil palm plantations has increased by more than 2100 per cent
since the 1980s. This expansion has been shown to have significant impacts on the
environment, and particularly on forest degradation. There is also a general perception that
palm oil production is an important driver of economic development in rural areas.
However, there is little systematic empirical evidence on the welfare impacts of this
expansion. There are a few small scale, location-specific studies looking at the effects of
palm oil production on smallholder producers (see for example Feintrenie et al., 2010) and
a descriptive study comparing province level outcomes (Kessler et al., 2007), but the

aggregate welfare effects remain largely unknown. This study attempts to fill this gap.

In this chapter | have studied the welfare impacts of district-level areas of oil palm
plantations and levels of palm oil production on households located in these districts. | have

discussed that palm oil production requires investments and knowledge, and therefore that
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the possible endogeneity problem must be addressed in any credible evaluation. It is not
straightforward to find a suitable instrument for palm oil. However, | argue, that given the
importance and relevance of the topic, the OLS estimation combined with even suboptimal
IV estimation will bring a notable contribution to the discussion. | have identified two
sources of potentially exogenous variation in palm oil production. First, I use historical
values of palm oil area and production, relying on the common assumption that lagged or
historical values of an endogenous variable could be used as an instrument for current
values. Second, | use district-level forest area data in the period prior to my study to predict
the oil palm plantations and production levels in the study period. Generally these two sets
of instruments provide similar results, which gives support to the chosen estimation

strategies.*®

My primary focus is on smallholder production, both in Indonesia as a whole
and separately in the two main production regions, Sumatra and Kalimantan. In addition, |

study the welfare impact of total production in selected provinces in Kalimantan.

Two main findings emerge. First, the suggested positive spillover effects of palm oil
production are not found in these data. The proponents of palm oil have argued that palm
oil production could be the main driver of rural development in Indonesia. The findings of
this study suggest that palm oil production has, if anything, a negative impact on household
per capita expenditure both in Indonesia as a whole and in the main production regions,
Sumatra and Kalimantan. Even if the negative effect is not present when the sample is
restricted to rural households, I can rule out any positive impact. This finding is in contrast
with the anecdotal evidence, which usually highlights a positive impact of palm oil
production on farmers in the study villages (Feintrenie et al., 2010; Rist et al., 2010).
Therefore the findings here are more in line with Kessler et al. (2007), who find mixed
results on the socio-economic impacts of the palm oil production expansion. In addition,
there is also evidence to suggest that some farmers might engage in unfair deals with the
palm oil producing companies, in which case these farmers’ debt may increase to
unsustainable levels. It is also notable that previous studies have focused only on a few
villages and therefore the results are difficult to generalize. However, it is important to note
that the findings in this study do not suggest that individual farmers could not benefit from

palm oil production. Rather, the results suggest that even if farmers had indeed benefitted

“® |deally the two instruments would be uncorrelated which is not the case in the current application, however.
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from palm oil production, there is no evidence that these benefits would have been
distributed to other households, at least in the short term.

The estimated elasticity appears low, but taking into account that the effect is estimated
for all households in the district, not just the households directly supported by the industry,
the estimated effect is moderate. Also the scale of the expansion suggests that the economic
impacts are significant. For example, in Sumatra and Kalimantan the average district
smallholder production increased over 80 per cent between 2003 and 2006.

Similarly to the findings regarding the impact of the smallholder production and area in
Sumatra and Kalimantan, | have not found any evidence of a positive impact of total oil
palm area or total palm oil production on household expenditure in selected provinces in
Kalimantan. The OLS estimates point to a negative association, but the estimated
coefficients fall short of statistical significance at the conventional levels. However, due to
the lack of power of my instruments in the IV, estimation | cannot assess the causal

relationship between total area and household expenditure in Kalimantan.

With regard to health impacts, smallholder area and smallholder production do not have
an impact on the incidence of asthma, neither for Indonesia as a whole or in Sumatra and
Kalimantan only. However, | do find evidence that both the total oil palm area and total
palm oil production in selected provinces in Kalimantan adversely affect health, as
measured by the probability of an individual reporting symptoms of asthma. Both the area
devoted to oil palm and palm oil production could have adverse health effects, the former
due to forest clearing by burning the land and the latter due to odours and toxic waste being
released by mills and refineries.

As a result, the second important finding relates to regional disparities and
heterogeneity. The results confirm that palm oil production cannot be taken as a panacea to
increase rural welfare, and therefore it would seem advisable to consider the cost and
benefits in relation to the local conditions and environment before deciding any future

expansions.

This study has not addressed the question of whether palm oil production has benefited

individual farmers. However, the results suggest that smallholder production is, if anything,
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welfare reducing in the short term, and also that households not directly involved in the
production are affected. Moreover, the lack of evidence of positive effect for the total
production in selected provinces in Kalimantan is not consistent with the arguments put
forward by the proponents of palm oil production. If palm oil production alters ecosystems
and water management, for example, households need additional resources to cope with
these changes.

These findings lay out various areas for future research. A natural step forward would be
to replicate the study using firm-level data. Another interesting area for future research
would be to study district level outcomes in order to benefit from panel analyses, and here
potential outcomes would be poverty rates and regional GDP, among others. A further
important extension would be to expand the study period to capture long-term effects. And
finally, the question related of effect of palm oil expansion on migration is left for future

research.
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Chapter 5 Conclusion

In this thesis | have studied changes in household welfare in relation to topical environment
and climate change-related questions in Indonesia. The first two essays explore how
household welfare is affected by the timing of monsoon onset. More specifically, the first
essay investigates how household per capita expenditure and per capita farm profits are
affected by delays in monsoon onset. Moreover, the first essay analyses the heterogeneity
among households and finds that middle-income households are most vulnerable to delayed
monsoon onset. Further finding of the chapter suggests that rainfall intensity explains little

changes in household welfare after the timing of the rainfall is controlled for.

The second essay investigates schooling and child labour in relation to the delay in
monsoon onset. As an additional contribution the essay seeks to better understand parents’
decision to send their children to school in riskier environments. The results suggest that
delayed monsoon onset increases child labour. With respect to schooling, monsoon onset
coinciding with the transition year reduces the probability of attending school in the

following years and parents postpone children’s schooling in riskier environments.

The third essay investigates impacts of the expansion of palm oil production in
Indonesia. The expansion of palm oil production is an important topic both in terms of rural
development and climate change, as large areas of tropical forest are cleared for oil palm
plantations. The results suggest that district-level smallholder production has a weak
negative effect on household per capita expenditure and that district-level total production
increases the prevalence of asthma in Kalimantan. Putting this evidence together it is

argued that palm oil production is not a panacea to increase rural welfare.

In the following I will discuss briefly the main limitations of the methodologies chosen
and why, despite of the limitations, | found these methodologies superior to any other

alternative. In addition I will suggest extensions and areas for future research.
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The main challenge of the first essay is to choose the methodology for addressing the
heterogeneous impacts of delayed monsoon onset. A major objective of the essay is to
study which households in the expenditure distribution are most affected by monsoon
onset. The essay presents two methods. First, | construct an average household expenditure
over the panel and take expenditure terciles of the average consumption. This method
assumes a constant treatment effect within a group of households. However, the assumption
of the constant treatment effect might be too strong. In order to investigate this further |
present an alternative method for grouping households. | regress average household
expenditure on selected predetermined household characteristics and then create predicted
values of household expenditure. Finally | use the predicted values as the basis for grouping
households into terciles. Importantly, the alternative method confirms my main finding,

that is, middle-income households face the biggest losses from delays in monsoon onset.

Another possible problem of the chosen empirical strategy, household fixed effect
regression, is that rainfall exhibits serial correlation. An alternative method could be the
dynamic panel model. However, this would sacrifice one round of the data and is therefore
inappropriate. 1 do address the problem of serial correlation by presenting regressions
where only the first lag and then both the first and the second lag of monsoon onset are

included. My main findings remain robust.

The findings of the chapter guide to interesting areas of future research. For example,
weather-based insurance mechanisms and climate change field schools could help
households and farmers cope with climate variability and increase their understanding

about climate change.

Turning to the second essay one important limitation is that it is not possible to
distinguish net producers and buyers of rice in the IFLS data. Therefore the reduced form
specification does not allow me to examine the mechanisms through which late monsoon
onset affects households and lead to an increase in child labour. On the basis of the findings
of the first essay monsoon onset is likely to result in a negative income shock. However,
changes in the price of rice might have different implications on net producers and buyers
of rice. An interesting extension could be to employ alternative data where it is possible to

identify net producers and buyers of rice. Another interesting extension could be to
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investigate the effect of monsoon onset on the intensity of schooling and educational
attainment. An important policy lesson that emerges is that extra resources could be
directed to ensure that children would have the opportunity to transfer from primary to
secondary school. Finally, the findings of this essay suggest that the increase of child
labour is not very harmful in terms of schooling but more research on the intensity of
schooling is needed to assess the robustness of this hypothesis.

I recognise that some caution should be exercises in the interpretation of my results,
given the limitations in the rainfall data. The amount of rainfall stations that match with the
IFLS households is limited (36 stations) and moreover, daily rainfall data is undoubtedly
measured with some error. Since measurement error in rainfall is independent of local
household characteristics, the true effect of delayed onset, both positive and negative, is
greater than the estimates presented here. Finally, none of the years prior to the IFLS
survey years were an El Nifio or La Nifia year. However, | argue that the data generate
meaningful variation in the monsoon onset prior to the IFLS study years for the purpose of
this thesis.

Ty my knowledge the work presented in the third and final essay is the first study
aiming at investigating the welfare effects of the palm oil expansion using large samples of
survey data. The identification strategy presented in the chapter is not without limitations
but I nevertheless argue that it presents valuable insight on the ongoing discussion about
costs and benefits of palm oil production expansion. Palm oil production requires large
investments and knowledge, raising the issue about endogeneity. However, finding suitable
instruments for palm oil is not straightforward. | identify two sources of potentially
exogenous variation in palm oil production. First, I use historical values of palm oil area
and production and second, | use district-level forest area prior to my study period. The
latter instrument is based on the observation that forest areas create the potential for large
oil palm plantations. Both instruments are used to predict oil palm plantation areas and
levels of palm oil production and then these predicted values are used as instruments for
actual values. The limitation of the first instrument is that was there a omitted variable
correlated with both household welfare and palm oil production the use of historical values
of palm oil might not eliminate this problem. The limitation of the second instrument is that

the definition of forest area used in the study includes mature plantations, including oil
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palm plantations. Nonetheless, | argue that this is not a major problem as mature plantations
only form small part of the forest cover. | also tried some other plausible instruments,
elevation of the district among others, but these did not have sufficient power. However,
the elevation data was taken from the PODES village study and therefore the exercise could
be replicated using district GIS data. More, if available, data on land suitability could be
explored as a possible instrument for palm oil. However, rubber and oil palm thrive in
similar conditions and in this case the estimated effect would be overall plantation effect
and not solely oil palm.

Another limitation of the study is the availability of the palm oil data that only enables
me to address short-term effects. Other plausible concerns, such as non-linear effect of the
palm oil, are left for future research. Interesting extensions also include replication of the
study using firm-level data and farm data as the critics of palm oil production claim that
large companies have benefitted most from the expansion. The important policy lesson of
the chapter is that more profound analysis on land use, compensation schemes between
smallholders and large companies, and the relationship between palm oil and food

production is needed in the areas affected.
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Appendix A

Appendix Chapter One

Al Note to the daily rainfall data

The original rainfall data is the NOAA Global Summary or the day. As the rainfall data set
contains some missing values | requested imputed values from CEREGE (Centre Europeen
de Recherche et d’Enseignement des Geosciences de |’Environnement). CEREGE has used
the imputed values in their own research; see for example Moron et al., (2009). CEREGE
provided me with two datasets, one with missing values and another one where missing
values have been imputed using simple stochastic weather generator, considering wet-to-
wet and dry-to-wet persistence and gamma distribution for wet days, computed on a
monthly basis for each station. If a month is completely missing (<6% of station-months for
SOND?), this method simulates a climatological daily sequence for the month in question.
The data provided by CEREGE contains 58 weather stations but unfortunately the dataset
does not cover Bali, West Nusa Tenggara, and South Sulawesi, which are IFLS provinces.
In the data the share of missing (imputed values) is 0.204 for August-December (months

used for calculating the monsoon onset in my research).

In order to complete missing data also for the stations without the imputed values |
requested additional data from the Indonesia Meteorological Agency (BMG). Data
provided by BMG helped to fulfill some gaps but complete daily rainfall data was not
possible to obtain, however. The NOAA data completed with the BMG data contain six
stations (one in Bali, three in West Nusa Tenggara and two in South Sulawesi), implying

that in total | have data for 64 weather stations.

! SOND stands for September, October, November and December.
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The issue of measurement error is topical considering that | have imputed/missing
values in my main explanatory variable. | decided to identify stations that have lots of

imputed values in order to decrease the problem of measurement error

I calculated the share of missing values for August-December using the data provided by
CEREGE. | mainly considered IFLS data and provinces for the purpose of cleaning the
rainfall data. Therefore I might have left some stations with high share of missing values
that do not match with IFLS villages but do match SUSENAS households.

After dropping the 13 problematic stations the share of imputed (missing) values is
0.148 for August-December. Considering only the stations that match with the IFLS
villages the share of imputed values is 0.121. These figures do not contain missing values
for stations in South Sulawesi, Bali or West Nusa Tenggara (stations not included in the

imputed data).
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A2  Variable descriptions and summary statistics

Table A.1. Variable descriptions, chapter two.

Variable

Variable description

Monthly expenditure pc
Log total monthly expenditure
Monthly farm profits pc
Log household size
Lagged monsoon onset
Monsoon onset 2 years ago
Spline;
Spline,
Spliney;
Spline,;,
Head female
Age of the head
Head 15-24 years *
Head 25-34
Head 35-49
Head 50-64
Head 65+
Education of the head
Head no education ®
Head primary school
Head Junior high school
Head Senior high school
Head university

Father some Jr

Household monthly expenditure per capita

Log of total household monthly expenditure

Monthly farm profits per capita in rupiahs

Log of household size

Monsoon onset previous year to the survey

Monsoon onset 2 years ago to the survey

Lagged monsoon onset < -0.6 standard deviations

Lagged monsoon onset > -0.6 standard deviations

Lag monsoon onset 2 years ago < -0.6 standard deviations
Lag monsoon onset 2 years ago >-0.6 standard deviations
1 if household has female head

Set of dummy variables, reference category is aged 15-25 years
1 if head below 25 years

1 if head 25-34 years

1 if head 35-49 years

1 if head 50-64 years

1 if head over 65 years

Set of dummy variables, reference category no formal education
1 if no formal education

1 if some primary or completed primary

1 if some or completed junior high school

1 if some or completed senior high school

1 if some or completed university education

1 if some junior high school
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Variable

Variable description

Province
Aceh
North Sumatra
West Sumatra
Riau
Jambi
South Sumatra
Bengkulu
Lampung

Belitung
Riau Islands

West Java ?
Central Java

Yogyakarta

East Java
Banten
Bali

West Nusa Tenggara
East Nusa Tenggara

West Kalimantan
Central Kalimantan

South Kalimantan

East Kalimantan

South Sulawesi

Set of dummy variables, reference category West Java

North Sumatra
West Sumatra
Riau

Jambi

South Sumatra
Bengkulu
Lampung

Belitung
Riau Islands

West Java
Central Java

Yogyakarta

East Java

Banten

Bali

Nusa Tengarra Barat
East Nusa Tenggara
West Kalimantan
Central Kalimanta
South Kalimantan
East Kalimantan

South Sulawesi

®The reference category, which is not included in the regression analysis
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Table A.2. Sample Descriptive Statistics, chapter two.

IFLS SUSENAS

Variable Mean s.d.? Mean s.d.?
Log monthly expenditure pc 12.089 0.710 12.426 0.450
Log total monthly expenditure ° 13.435 0.743 NA NA

Monthly farm profits pc ° 31711.84 56959.32 NA NA

Log household size 1.346 0.509 NA NA

Monsoon onset previous year -0.563 0.631 -0.004 1.085
Monsoon onset 2 years ago -0.280 1.16 0.081 1.112
Spline, -0.833 0.377 -0.775 0.349
Spline;, 0.271 0.361 0.772 0.886
Spliney -0.953 0.502 -0.769 0.341
Spline;, 0.672 0.789 0.850 0.912
Head female NA NA 0.121 0.326
Head age 15-24 years NA NA 0.030 0.169
Head age 25-34 years NA NA 0.217 0.412
Head age 35-49 years NA NA 0.390 0.488
Head age 50-64 years NA NA 0.255 0.436
Head age 65+ years NA NA 0.108 0.310
Head no schooling NA NA 0.158 0.365
Head primary education NA NA 0.633 0.482
Head junior high school NA NA 0.107 0.310
Head senior high school NA NA 0.085 0.279
Head university NA NA 0.017 0.129
Aceh NA NA 0.030 0.171
North Sumatra® NA NA 0.057 0.233
West Sumatra NA NA 0.030 0.171
Riau NA NA 0.031 0.173
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IFLS SUSENAS

Variable Mean s.d.? Mean s.d.?
Jambi NA NA 0.017 0.128
South Sumatra NA NA 0.057 0.232
Bengkulu NA NA 0.016 0.127
Lampung NA NA 0.065 0.246
Belitung NA NA 0.012 0.108
Riau Islands NA NA 0.004 0.065
West Java NA NA 0.162 0.368
Central Java NA NA 0.128 0.334
Yogyakarta NA NA 0.009 0.096
East Java NA NA 0.163 0.370
Banten NA NA 0.031 0.173
Bali NA NA 0.012 0.107
West Nusa Tenggara NA NA 0.023 0.150
East Nusa Tenggara NA NA 0.025 0.155
West Kalimantan NA NA 0.029 0.168
Central Kalimantan NA NA 0.021 0.143
South Kalimantan NA NA 0.018 0.134
East Kalimantan NA NA 0.015 0.123
South Sulawesi NA NA 0.037 0.190
Sample size 11333 97176

NA signifies not applicable.
 denotes for standard deviation

® Household expenditure and farm profits are expressed in December 2000 Jakarta prices in the IFLS data and
2007 prices in the SUSENAS data.
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A3 Estimation results

Figure A.1. Local polynomial smoothing for per capita expenditure and the first lag of
monsoon onset, all rural households.

PCE All Rural

pee residual
.05

-1

-14

5
deviation n?nnset_residua[

95% Cl |[paly smooth

kernel = epanechnikov, degres = 1, bandwidth = (28, pwidth = 42

Note: Local polynomial smooth, conditional on household and year fixed effects.
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Figure A.2. Local polynomial smoothing for per capita expenditure and the second lag of
monsoon onset.

PCE All Rural: second lag of monsoon onset
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Table A.3. Prediction regression, dependent variable average household per capita
expenditure (in rupiahs) over the panel (estimation results from equation 2.3).

Dependent variable Average household per capita expenditure
Age 3692.6**
(1824.4)
Age squared -26.3
(16.8)
Elementary 31152.1%**
(10979.2)
Junior high 84338.2***
(18477.2)
Senior high 152855.9***
(21413.9)
University 320751.9***
(85819.3)
Other education -161199.7
(115028.0)
Worked three years ago 2921.1
(10636.8)
Weeks worked 547.6*
(305.5)
Hours worked -486.3
(435.5)
R-squared 0.106
Observations 3725
District fixed effects Yes

Robust standard errors in parenthesis

In education the reference category is no formal education

District fixed effects refer to the district of the head at the age of 12
* p<0.1, ** p<0.05, *** p<0.01
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Table A.4. Per capita expenditure, all rural households. Spline function approach, knot at -
0.6, IFLS data.

Dependent variable Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; 0.048 0.038 0.025 0.036
Spline, -0.116 0.057** -0.069 0.056
Two years ago
Spline; -0.106 0.049**
Spline, 0.086 0.039**
Observations 11333 11333
Households 3988 3988
R? (within) 0.123 0.127
Estimated Effects
Early Onset
Prior year -0.048 0.038 -0.025 0.036
Two years ago 0.106 0.049**
Late Onset
Prior Year -0.116 0.057** -0.069 0.056
Two years ago 0.086 0.039**

Monsoon onset is measured in standard deviations from historical mean. Estimated effects of early onset refer
to effect on expenditure at -1 standard deviations, while late onset refers to 1 standard deviation. Additional
controls include survey year effects and household-level fixed effects, with split-off households treated as
new households. Standard errors are clustered on rain stations, and are robust to heteroscedasticity.
Households are weighted by their mean sample weights over the panel.

* p<0.1, ** p<0.05, *** p<0.01
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Table A.5. Per capita expenditure, all rural households. Quadratic approximation, IFLS
data.

Dependent variable Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Monsoon Onset -0.097 0.054* -0.061 0.049
Onset Squared -0.055 0.030* -0.035 0.029
Two years ago
Monsoon onset 0.032 0.028
Onset Squared 0.036 0.017
Observations 11333 11333
Households 3988 3988
R? (within) 0.122 0.125
Estimated Effects
Early Onset
Prior year 0.041 0.032 0.026 0.028
Two years ago 0.004 0.027
Late Onset
Prior Year -.152 .081* -0.096 0.075
Two years ago 0.069 0.038*

See notes to table A4.
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0.6 standard deviations. IFLS data.

Dependent variable

Per capita farm profits

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; 1861.29 2441.84 2289.77 2448.90
Spline, -7869.31 5099.19 -8939.33 4889.73*
Two years ago
Spline; 3027.43 3716.53
Spline, -469.20 2948.85
Observations 6745 6745
Households 2439 2439
R? (within) 0.01 0.01
Estimated Effects
Early Onset
Prior year -1861.29 2441.84 -2289.77 2448.90
Two years ago -3027.43 3716.53
Late Onset
Prior Year -7869.31 5099.19 -8939.33 4889.73*
Two years ago -469.20 2948.85

See notes to table A4.
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Table A.7. Farm profits per capita. Quadratic function, IFLS data.

Dependent variable

Per capita farm profits

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Monsoon Onset -7,107.94 4,558.148 -7,857.44 4,330.97*
Onset Squared -3,518.055 2,471.687 -3,909.88 2,348.44
Two years ago
Monsoon onset 667.60 2,063.27
Onset Squared -495.85 1,379.58
Observations 6745 6745
Households 2439 2439
R? (within) 0.01 0.01
Estimated Effects
Early Onset
Prior year 3589.89 2315.43 3947.56 2240.88*
Two years ago -1163.45 2038.33
Late Onset
Prior Year -10626 6957.78 -11767.32 6597.23*
Two years ago 171.76 2857.59

See notes to table A4.
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Table A.8. Per capita expenditure, rural farm households. Spline function approach, knot at
-0.6 standard deviations. IFLS data.

Dependent variable

Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline, 0.038 0.038 0.017 0.036
Spline, -0.107 0.072 -0.084 0.067
Two years ago
Spline; -0.057 0.068
Spline, 0.129 0.042%**
Observations 7026 7026
Households 2439 2439
R? (within) 0.134 0.141
Estimated Effects
Early Onset
Prior year -0.038 0.038 -0.017 0.036
Two years ago 0.057 0.068
Late Onset
Prior Year -0.107 0.072 -0.084 0.067
Two years ago 0.129 0.042%***

See notes to table A4.
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Table A.9. Per capita expenditure, rural non-farm households. Spline function approach,
knot at -0.6 standard deviations. IFLS data.

Dependent variable Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; 0.051 0.053 0.032 0.049
Spline, -0.117 0.047** -0.049 0.047
Two years ago
Spline; -0.177 0.035***
Spline, 0.050 0.036
Observations 4290 4290
Households 1542 1542
R? (within) 0.116 0.123
Estimated Effects
Early Onset
Prior year -0.051 0.053 -0.032 0.049
Two years ago 0.177 0.035***
Late Onset
Prior Year -0.117 0.047** -0.049 0.047
Two years ago 0.050 0.036

See notes to table A4.
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Table A.10. Farm profits per capita, first expenditure tercile. Spline function approach, knot
at -0.6 standard deviations. IFLS data.

Dependent variable

Per capita farm profits

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; 4260.95 2897.41 3754.64 3223.02
Spline;, -7676.00 3585.93** -7247.31 3735.16*
Two years ago
Spline; -1354.10 3719.43
Spline, 2683.25 2508.61
Observations 2437 2437
Households 872 872
R? (within) 0.031 0.033
Estimated Effects
Early Onset
Prior year -4260.95 2897.41 -3754.64 3223.02
Two years ago 1354.10 3719.43
Late Onset
Prior Year -7676.00 3585.93** -7247.31 3735.16*
Two years ago 2683.25 2508.61

See notes to table A4.
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Table A.11. Farm profits per capita, second expenditure tercile. Spline function approach,
knot at -0.6 standard deviations. IFLS data.

Dependent variable Per capita farm profits

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline, 1856.59 2548.98 1746.72 2284.95
Spline, -13998.66 3949.28*** -13476.91 3632.56***
Two years ago
Spline; -1419.61 2280.17
Spline, -559.61 4901.96
Observations 2239 2239
Households 816 816
R? (within) 0.022 0.022
Estimated Effects
Early Onset
Prior year -1856.59 2548.98 -1746.72 2284.95
Two years ago 1419.61 2280.17
Late Onset
Prior Year -13998.66 3949.28*** -13476.91 3632.56***
Two years ago 559.61 4901.96

See notes to table A4.
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Table A.12. Farm profits per capita, third expenditure tercile. Spline function approach,
knot at -0.6 standard deviations. IFLS data.

Dependent variable Per capita farm profits

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; -444.88 3936.31 2225.83 4110.85
Spline, -3298.93 12248.15 -8273.35 12095.48
Two years ago
Spline; 13236.23 9544.74
Spline, -5573.09 5156.90
Observations 2069 2069
Households 751 751
R? (within) 0.012 0.014
Estimated Effects
Early Onset
Prior year 444.88 3936.31 -2225.83 4110.85
Two years ago -13236.23 9544.74
Late Onset
Prior Year -3298.93 12248.15 -8273.35 12095.48
Two years ago -5573.09 5156.90

See notes to table A4.
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Table A.13. Per capita expenditure, first expenditure tercile. Spline function approach, knot
at -0.6 standard deviations. IFLS data.

Dependent variable

Log of per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline, 0.096 0.026*** 0.075 0.023***
Spline, -0.108 0.046** -0.071 0.044
Two years ago
Spline; -0.086 0.051
Spline, 0.075 0.042*
Observations 3758 3758
Households 1307 1307
R? (within) 0.162 0.166
Estimated Effects
Early Onset
Prior year -0.096 0.026** -0.075 0.023***
Two years ago 0.086 0.051
Late Onset
Prior Year -0.108 0.046** -0.071 0.044
Two years ago 0.075 0.042*

See notes to table A4.
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Table A.14. Per capita expenditure, second expenditure tercile. Spline function approach,
knot at -0.6 standard deviations. IFLS data.

Dependent variable Log of per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline, 0.020 0.035 0.006 0.031
Spline, -0.188 0.070** -0.151 0.071**
Two years ago
Spline; -0.078 0.054
Spline, 0.050 0.047
Observations 3787 3787
Households 1327 1327
R? (within) 0.141 0.143
Estimated Effects
Early Onset
Prior year -0.020 0.035 -0.006 0.031
Two years ago 0.078 0.054
Late Onset
Prior Year -0.188 0.07** -0.151 0.071**
Two years ago 0.050 0.047

See notes to table A4.
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Table A.15. Per capita expenditure, third expenditure tercile. Spline function approach,
knot at -0.6 standard deviations. IFLS data.

Dependent variable Log of per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline, 0.023 0.071 -0.007 0.072
Spline, -0.049 0.079 0.014 0.085
Two years ago
Spline; -0.143 0.059**
Spline, 0.117 0.047**
Observations 3788 3788
Households 1354 1354
R? (within) 0.105 0.110
Estimated Effects
Early Onset
Prior year -0.023 0.071 0.007 0.072
Two years ago 0.143 0.059**
Late Onset
Prior Year -0.049 0.079 0.014 0.085
Two years ago 0.117 0.047**

See notes to table A4.
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Table A.16. The effect of monsoon onset on log household size, 2 lags, spline function
approach, knot at -0.6 standard deviations. IFLS data.

Dependent Log household size
variable

All households Poor households  Middle-class Rich

households households

Variable Coeff S.E. Coeff S.E. Coeff S.E. Coeff S.E.
Prior year
spline; -0.010 0.007 -0.029 0.014**  -0.021 0.014 0.019 0.015
spline, 0.050 0.017*** 0.059 0.019*** 0.074 0.019*** 0.021 0.026
Two years ago
spliney; -0.030 0.015** -0.062 0.023** -0.000 0.021 -0.022 0.018
spline,, -0.001 0.010 0.011 0.014 0.009 0.016 -0.016 0.012
Observations 11333 3758 3787 3788
Households 3988 1307 1327 1354
R? (within) 0.00 0.01 0.01 0.01
Estimated
Effects
Early Onset
Prior year 0.010 0.007 0.029 0.014**  0.021 0.014 -0.019 0.015
Two yearsago | 0.030  0.015** 0.062 0.023** 0.000 0.021 0.022 0.018
Late Onset
Prior Year 0.050 0.017*** 0.059 0.019*** 0.074 0.019*** 0.021 0.026
Two yearsago | -0.001  0.010 0.011 0.014 0.009 0.016 -0.016 0.012

See notes to table A4.
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Table A.17. The effect of monsoon onset on log total household expenditure, 2 lags, spline
function approach, knot at -0.6 standard deviations. IFLS data.

Dependent Log total household expenditure
variable

All households Poor households  Middle-class Rich households

households

Coeff  S.E. Coeff  S.E. Coeff  S.E. Coeff  S.E.
Prior Year
spline; 0.014  0.036 0.045 0.025* -0.015 0.028 0.011 0.071
spline, -0.019 0.054 -0.011  0.052 -0.077 0.064 0.030 0.076
Two years ago
spline,; -0.135 0.054** -0.146 0.055** -0.079 0.058 -0.164 0.064**
spline,, 0.086  0.039** 0.087 0.045* 0.058 0.039 0.102  0.049**
Observations 11333 3758 3787 3788
Households 3988 1307 1327 1354
R? (within) 0.12 0.16 0.13 0.10
Estimated
Effects
Early Onset
Prior year -0.014 0.036 -0.045 0.025* 0.015 0.028 -0.011 0.071
Two years ago 0.135 0.054** 0.146 0.055** 0.079 0.058 0.164 0.064**
Late Onset
Prior Year -0.019 0.054 -0.011  0.052 -0.077 0.064 0.030 0.076
Two years ago 0.086  0.039** 0.087 0.045* 0.058 0.039 0.102  0.049**

See notes to table A4.
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Table A.18. The effect of rainfall intensity on per capita expenditure, spline fuction
approach. Knot at -0.6 standard deviations, two lags of monsoon onset. IFLS data.

Dependent Log per capita expenditure
variable

All households Poor households  Middle-class Rich

households households

Coeff S.E. Coeff S.E. Coeff S.E. Coeff S.E.
Prior year
spline; 0.098  0.054* -0.010 0.053 0.149  0.062** 0.108 0.078
spline, -0.011 0.026 -0.001 0.028 -0.003 0.021 -0.010 0.039
Two years ago
spline,; -0.025 0.088 0.030  0.092 -0.122  0.082 0.020 0.102
spline,, 0.041  0.027 0.032  0.030 0.055  0.027 0.030 0.033
Observations 11333 3758 3787 3788
Households 3988 1307 1327 1354
R? (within) 0.123 0.158 0.145 0.107
Estimated
Effects
Negative shock
Prior year -0.098 0.054* 0.010 0.053 -0.149  0.062** -0.108 0.078
Two yearsago | 0.025  0.088 -0.030  0.092 0.122  0.082 -0.020 0.102
Positive shock
Prior Year -0.011  0.026 -0.001  0.028 -0.003  0.021 -0.010 0.039
Two yearsago | 0.041 0.027 0.032  0.030 0.055  0.027 0.030 0.033

Rainfall intensity is measured in standard deviations from historical mean. Estimated effects of negative
intensity shock refer to effect on expenditure at -1 standard deviations, while positive shock refers to 1
standard deviation. Additional controls include survey year effects and household-level fixed effects, with
split-off households treated as new households. Standard errors are clustered on rain stations, and are robust
to heteroscedasticity. Households are weighted by their mean sample weights.

* p<0.1, ** p<0.05, *** p<0.01
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Table A.19. Timing of the rainfall vs intensity of rainfall, spline fuction approach. Knot at -
0.6 standard deviations, two lags of monsoon onset. IFLS data.

Dependent Log per capita expenditure
variable

All households Poor households Middle-class Rich

households households

Coeff S.E. Coeff S.E. Coeff S.E. Coeff S.E.
Onset
Prior year
spline; 0.068 0.037*  0.109 0.031*** 0.080 0.036** 0.004 0.071
spline, -0.077 0.058 -0.086  0.051 -0.146  0.071* 0.015 0.091
Two years ago
spline,; -0.060 0.048 -0.048  0.045 -0.017  0.040 -0.117 0.074
spliney, 0.079  0.042* 0.081  0.040 0.040  0.047 0.106  0.053*
Intensity
Prior year
spline; 0.036  0.081 -0.072  0.076 0.074  0.074 0.063 0.114
spline, 0.005  0.026 0.026 0.029 0.006 0.028 -0.002 0.032
Two years ago
spline,; -0.064  0.060 -0.044  0.063 -0.131  0.068* 0.001 0.078
spline,, 0.042  0.027 0.039 0.025 0.061 0.025** 0.019 0.042
Observations 11333 3758 3787 3788
Households 3988 1307 1327 1354
R? (within) 0.129 0.169 0.150 0.111
Estimated
Effects
Early onset
Prior year -0.068 0.037* -0.109 0.031*** -0.080 0.036** -0.004 0.071
Twoyearsago | 0.060  0.048 0.048 0.045 0.017 0.040 0.117 0.074
Late onset
Prior year -0.077  0.058 -0.086  0.051 -0.146  0.071* 0.015 0.091
Two year ago 0.079  0.042* 0.081 0.040 0.040 0.047 0.106  0.053*
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Dependent Log per capita expenditure
variable
All households Poor households Middle-class Rich
households households
Coeff S.E. Coeff S.E. Coeff S.E. Coeff S.E.
Intensity
Negative shock
Prior year -0.036  0.081 0.072  0.076 -0.074 0.074 -0.063 0.114
Two yearsago | 0.064  0.060 0.044  0.063 0.131  0.068* -0.001 0.078
Positive shock
Prior Year 0.005 0.026 0.026  0.029 0.006  0.028 -0.002 0.032
Twoyearsago | 0.042  0.027 0.039  0.025 0.061  0.025** 0.019 0.042

Monsoon onset is measured in standard deviations from historical mean. Estimated effects of early onset refer
to effect on expenditure at -1 standard deviations, while late onset refers to 1 standard deviation. . Estimated
effects of negative intensity shock refer to effect on expenditure at -1 standard deviations, while positive
shock refers to 1 standard deviation. Additional controls include survey year effects and household-level fixed
effects, with split-off households treated as new households. Standard errors are clustered on rain stations,
and are robust to heteroscedasticity. Households are weighted by their mean sample weights.

* p<0.1, ** p<0.05, *** p<0.01
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Table A.20. Real community rice price (log) per KG, community fixed effect regression.

Dependent variable Real community rice price (log) per kg
Lagged monsoon onset 0.062
(0.021)***
Observations 228
Number of communities 128
R-squared (within) 0.71

Additional controls include survey year effects and community fixed effects. Standard errors are clustered on
rain stations, and are robust to heteroscedasticity.
* p<0.1, ** p<0.05, *** p<0.01

Table A.21. Real community rice price (logs) per KG, pooled cross section with province
fixed effects.

Dependent variable Real community rice price (logs) per KG
Lagged monsoon onset 0.035
(0.015)**
Observations 703
R-squared 0.49

Additional controls include survey year effects and province dummies indicating province fixed effects.
Standard errors are clustered on rain stations, and are robust to heteroscedasticity.
* p<0.1, ** p<0.05, *** p<0.01
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Table A.22. Per capita expenditure, spline function approach, knot at -0.6 standard
deviations. SUSENAS data.

Dependent variable Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; 0.011 0.013 0.012 0.015
Spline, 0.002 0.006 0.001 0.006
Two years ago
Spline; 0.011 0.017
Spline, -0.002 0.005
Observations 97176 97176
R? 0.180 0.180
Estimated Effects
Early Onset
Prior year -0.011 0.013 -0.012 0.015
Two years ago -0.011 0.017
Late Onset
Prior Year 0.002 0.006 0.001 0.006
Two years ago -0.002 0.005

Onset is measured in standard deviations from historical mean. Data on onset are taken from 46 rain stations.
Additional controls include survey year effects and province-level fixed effects and time-invariant household
controls, including gender, age and education of the head. Standard errors are clustered on rain stations, and
are robust to heteroscedasticity. Households are weighted by their sample weights.

* p<0.1, ** p<0.05, *** p<0.01
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Table A.23. Per capita expenditure, SUSENAS data, only IFLS years and provinces.

Dependent variable Log per capita expenditure

One lag Two lags

Coefficient S.E. Coefficient S.E.
Prior Year
Spline; -0.001 0.019 0.009 0.020
Spline; 0.022 0.026 0.009 0.026
Two years ago
Spline, 0.053 0.029*
Spline; -0.011 0.021
Observations 17058 17058
R? 0.210 0.211
Estimated Effects
Early Onset
Prior year 0.001 0.019 -0.009 0.020
Two years ago -0.053 0.029*
Late Onset
Prior Year 0.022 0.026 0.009 0.026
Two years ago -0.011 0.021

Onset is measured in standard deviations from historical mean. Data on onset are taken from 46 rain stations.
Additional controls include survey year effects and province-level fixed effects and time-invariant household
controls, including gender, age and education of the head. Standard errors are clustered on rain stations, and
are robust to heteroscedasticity. Households are weighted by their sample weights.

* p<0.1, ** p<0.05, *** p<0.01
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Appendix Chapter Three

Bl

Variable descriptions and summary statistics

Table B.1. Variable descriptions, chapter three.

Variable

Variable description

Attend
Ever attend
Work?2
Work3*

Wage work

Family work

Splinel
Spline2
Spline3

Lagged monsoon onset

Monsoon onset in transition

year
Weather risk

PCE

Value of land

Share of food

Indicator variable, 1 if child is attending school
Indicator variable, 1 if child has ever attended school
Indicator variable, 1 if child worked during past 12 months

Indicator variable, 1 if child worked during past 4 weeks, only
year 2000

Indicator variable, 1 if child worked for wages during past 4
weeks, only year 2000

Indicator variable, 1 if child worked on family business during
past 4 weeks, only year 2000

Lagged monsoon onset < -0.5 standard deviations
-0.5 < Lagged monsoon onset < 0.5 standard deviations
Lagged monsoon onset > 0.5 standard deviations

Monsoon onset previous year to the IFLS survey, in linear
from (deviation from the mean)

Monsoon onset in transition year from primary to secondary
(deviation from the mean)

The coefficient of variation of the monsoon onset

The log of household per capita expenditure, excluding the
education expenditure

Real value of household’s land (in logs)

Share of food in the household budget
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Variable Variable description
Age Age of the child
Age? Age of the child squared
Female 1 if child female
Head female 1 if household has female head

Religion of the head
Muslim?
Christian
Hindu
Other religion
Age of the head
Head 15-24 years
Head 25-34
Head 35-49
Head 50-64
Head 65+
Education of the mother
Mother no education®
Mother some primary
Mother primary
Mother some Jr
Mother Jr high
Mother Sr high
Mother university
Mother edu missing
Education of the farther
Father no education®

Father some primary

Set of dummy variables, reference category is Muslim
1 if Muslim

1 if Christian

1 if Hindu

1 if other religion

Set of dummy variables, reference category

1 if head below 25 years

1 if head 25-34 years

1 if head 35-49 years

1 if head 50-64 years

1 if head over 65 years

Set of dummy variables, reference category no education
1 if no formal education

1 if some primary

1 if completed primary

1 if some junior high school

1 if completed junior high school

1 if some or completed senior high school

1 if some university education

1 if informal or education information missing

Set of dummy variables, reference category no education
1 if no formal education

1 if some primary
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Variable

Variable description

Father primary
Father some Jr
Father Jr high
Father Sr high
Father university
Father edu missing

Maternal orphan

Paternal orphan

Time

Education cost

#Young

#Schoolage

#Adult

#0Old

HH farm

HH nonfarm biz

Province
North Sumatra®
West Sumatra
South Sumatra

Lampung

Jakarta

West Java

Central Java

Yogya

East Java

1 if completed primary

1 if some junior high school

1 if completed junior high school

1 if some or completed senior high school

1 if some university education

1 if informal or education information missing

1 if mother has died

1 if father has died

Community averaged travel time to school in minutes
The log of community average cost of schooling
Number of children below 6 years in the household
Number of children 6-16 years in the household
Number of adults in the household

Number of old people in the household

1 if household owns a farm business

1 if household owns a non-farm business

Set of dummy variables, reference category North Sumatra

North Sumatra
West Sumatra
South Sumatra
Lampung

Jakarta

West Java
Central Java

Yogya

East Java
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Variable Variable description
Bali Bali
West Nusa Tenggara West Nusa Tenggara
South Kalimantan South Kalimantan
South Sulawesi South Sulawesi
1993° Year 1993
1997 Year 1997
2000 Year 2000

NA signifies not applicable.
*The reference category, which is not included in the regression analysis

¢Only year 2000

Table B.2. Sample descriptive statistics. School attendance specification for children aged
6-16 years who have not yet completed grade 9 unless stated otherwise.

Mean Sd Min Max
Attend 0.8037818 0.3971504 0 1
Ever attend 0.9370979 0.2427976 0 1
Work2" 0.0440044 0.205121 0 1
Splinel -0.7653727 0.3915798 -1.983609 -0.5
Spline2 0.2166674 0.3065688 0 1
Spline3 0.013746 0.0694708 0 0.5829886
Monsoon onset in  0.0643102 1.111159 -2.866436 3.799383
transition year®
Weather risk 0.3257536 0.15782 0.1217305 0.7442609
Share of food 0.6277523 0.1558563 0.0666682 0.9028614
Pce 11.8621 0.6913849 9.277908 16.10229
Value of land 5.820885 10.70796 -4.60517 20.74421

(logs)
Age 10.65334 2.967613 6 16
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Mean Sd Min Max
Age2 122.2996 64.26946 36 256
Female 0.4977114 0.5000135 0 1
Head female 0.1154799 0.3196121 0 1
Muslim? 0.8932243 0.3088395 0 1
Christian 0.0556764 0.2293044 0 1
Hindu 0.0455466 0.2085076 0 1
Other religion .0055526 .0743116 0 1
Head 15-25° 0.0165829 0.1277071 0 1
Head 25-35 0.1968935 0.3976661 0 1
Head 35-50 0.5175959 0.499709 0 1
Head 51-65 0.2124259 0.40904 0 1
Head 65+ 0.0565018 0.2308969 0 1
Mother no 0.1654536 0.3716034 0 1
education®
M_other some 0.3487657 0.4765975 0 1
primary
Mother primary 0.2959406 0.4564815 0 1
Mother some Jr 0.0204097 0.1414024 0 1
Mother Jr High 0.0640054 0.2447717 0 1
Mother Senior 0.0535754 0.2251864 0 1
High
Mother university 0.0165829 0.1277071 0 1
Mother edu 0.0352668 0.1844602 0 1
missing
Father no 0.1130037 0.3166092 0 1
education®
Fa_ther some 0.290613 0.4540623 0 1
primary
Father primary 0.3024687 0.4593443 0 1
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Mean Sd Min Max
Father some Jr 0.0305395 0.1720729 0 1
Father Jr High 0.0830645 0.27599 0 1
Father Senior 0.0927441 0.2900843 0 1
High
Father university ~ 0.0321903 0.1765118 0 1
Fa}tht_ar edu .0553763 0.2287219 0 1
missing
Maternal orphan  0.029564 0.1693876 0 1
Paternal orphan 0.0492234 0.2163422 0 1
Time 15.27924 7.422775 1 76.33334
Education cost 10.43239 .5799066 7.36781 12.93227
#Young 0.6478577 0.7913116 0 5
#School age 2.355369 1.141398 1 11
#Adult 2.451414 1.124686 0 12
#0ld 0.2658513 0.5280009 0 3
HH farm 0.610565 0.4876405 0 1
HH nonfarm biz 0.3685751 0.4824365 0 1
North Sumatra® 0.0664816 0.2491314 0 1
West Sumatra 0.0645307 0.2457051 0 1
South Sumatra 0696331 0.2545372 0 1
Lampung 0.0709837 0.2568073 0 1
West Java 0.1687552 0.3745496 0 1
Central Java 0.1307121 0.3370979 0 1
Yogya 0.0312148 0.1739044 0 1
East Java 0.1374653 0.3443508 0 1
Bali 0.0435957 0.2042015 0 1
West Nusa 0.1096271 0.3124361 0 1

Tenggara
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Mean Sd Min Max
South Kalimantan 0.0460719 0.2096487 0 1
South Sulawesi 0.0592031 0.2360133 0 1
1993° 0.3201771 0.4665619 0 1
1997 0.3271554 0.4691921 0 1
2000 0.3526675 0.4778182 0 1
N 13327

®The reference category, which is not included in the regression analysis

® Only children aged 10-14 years

¢ Only children aged 6-19 years who have completed primary school

Table B.3. Sample descriptive statistics. Child labour specification, year 2000.

Mean Sd Min Max
Work3 0.1706119 0.3762535 0 1
Wage work 0.0397499 0.1954147 0 1
Family work 0.1424743 0.349614 0 1
Lagged monsoon  -0.2116888 0.5732069 -1.756325 1.082989
onset
Share of food 0.6329645 0.1476538 1274308 .8925965
Pce 11.9879 0.6463436 10.10725 15.14419
Value of land 5.70234 10.44994 -4.60517 20.02765
Age 11.99285 1.419242 10 14
Age2 145.8419 34.10594 100 196
Female 0.4917374 0.5000434 0 1
Head female 0.1281822 0.3343673 0 1
Muslim 0.9030817 0.2959125 0 1
Christian 0.0518088 0.2216904 0 1
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Hindu

Other religion
Head 15-25
Head 25-35
Head 35-50
Head 51-65
Head 65+

Mother no
education

Mother some
primary

Mother primary
Mother some Jr
Mother Jr Hig

Mother Senior
High

Mother university

Mother edu
missing

Father no
education

Father some
primary

Father primary
Father some Jr
Father Jr High

Father Senior
High

Father university

Father edu
missing

Maternal orphan

0.0446628
0.0004466
0.0107191
0.1406878
0.5815096
0.1983028
0.0687807
0.1549799

0.3479232

0.2979008
0.026351
0.073247
0.0602948

0.0200983
0.019205

0.1089772

0.3010272

0.2974542
0.0317106
0.0884323
0.1067441

0.0299241
0.0357302

0.0276909

0.2066086
0.0211336
0.1029996
0.3477769
0.4934216
0.3988105
0.2531374
0.3619664

0.4764179

0.4574379
0.1602128
0.2605997
0.2380853

0.1403678
0.1372756

0.3116802

0.458807

0.4572402
0.1752676
0.2839861
0.3088566

0.1704159
0.1856582

0.1641224

o O O o o o o O o o o o o

o

o o o o

o
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Paternal orphan
Time
Education cost
#Young
#School age
#Adult

#0ld

HH farm

HH nonfarm biz
West Sumatra
South Sumatra
Lampung

West Java
Central Java
Yogya

East Java

Bali

West Nusa
Tenggara

South Kalimantan
South Sulawesi

N

0.041983
16.07606
10.38079
0.5355069
2.317552
2.376061
0.2764627
0.6150067
0.430996
0.0625279
0.0781599
0.0710138
0.1710585
0.1255025
0.031264
0.1357749
0.0473426
0.1170165

0.0451094
0.0468959
2239

0.2005952
6.947539
0.505855
0.6865643
1.087179
1.072309
0.542999
0.4867024
0.4953262
0.242166
0.268483
0.2569053
0.3766442
0.3313618
0.1740691
0.3426259
0.212418
0.3215118

0.2075905
0.2114632

0
1
7.469246
0

O O O O O O O O o o o o o Pk

o

1

50
12.52205
5

w
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B2 Estimation results

Table B.4. School attendance for all children aged 6-16 years.

Dependent variable School attendance
Pooled probit LPM IVREG; LPM
Splinel 0.003 -0.004 0.000
(0.017) (0.016) (0.022)
Spline2 0.029 0.039 0.054
(0.028) (0.026) (0.036)
Spline3 -0.063 -0.105 -0.120
(0.140) (0.109) (0.096)
Pce 0.034*** 0.335**
(0.009) (0.138)
Share of food -0.271%**
(0.024)
Age 0.331*** 0.385*** 0.378***
(0.013) (0.016) (0.017)
Age2 -0.016*** -0.019*** -0.019***
(0.001) (0.001) (0.001)
Female -0.001 -0.002 -0.006
(0.008) (0.007) (0.007)
Head female -0.013 -0.004 0.028
(0.019) (0.018) (0.022)
Christian 0.054* 0.056 0.078*
(0.028) (0.035) (0.043)
Hindu -0.030 -0.016 -0.049
(0.041) (0.039) (0.042)
Other religion -0.147* -0.141** -0.190***
(0.085) (0.066) (0.064)
Head 25-35 -0.003 0.008 0.008
(0.026) (0.032) (0.040)
Head 35-50 0.018 0.026 0.035
(0.029) (0.035) (0.042)
Head 51-65 0.008 0.020 0.044
(0.028) (0.034) (0.041)
Head 65+ -0.036 -0.023 0.005
(0.045) (0.044) (0.051)
Mother some primary ~ 0.049*** 0.073*** 0.052***
(0.010) (0.013) (0.019)
Mother primary 0.094*** 0.123*** 0.095***
(0.010) (0.014) (0.022)
Mother some Jr 0.079*** 0.115*** 0.045
(0.019) (0.024) (0.041)
Mother Jr high 0.096*** 0.127*** 0.070**
(0.012) (0.017) (0.028)
Mother Sr high 0.074*** 0.094*** -0.014
(0.014) (0.014) (0.046)

Mother university 0.083*** 0.096*** -0.075
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Dependent variable School attendance
Pooled probit LPM IVREG; LPM
(0.030) (0.017) (0.073)
Mother edu missing 0.009 0.023 -0.008
(0.019) (0.025) (0.029)
Father some primary 0.018 0.034 0.035*
(0.016) (0.021) (0.020)
Father primary 0.052*** 0.070*** 0.045*
(0.014) (0.018) (0.026)
Father some Jr 0.071*** 0.090*** 0.040
(0.015) (0.023) (0.040)
Father Jr high 0.077*** 0.095*** 0.038
(0.011) (0.019) (0.041)
Father Sr high 0.115*** 0.130*** 0.057
(0.009) (0.016) (0.047)
Father university 0.088*** 0.109*** -0.030
(0.024) (0.023) (0.081)
Father edu missing 0.038** 0.059** 0.036
(0.018) (0.028) (0.039)
Maternal orphan -0.037* -0.032 -0.033
(0.021) (0.022) (0.025)
Paternal orphan -0.059** -0.064** -0.052**
(0.026) (0.024) (0.025)
Time -0.002*** -0.003** -0.002**
(0.001) (0.001) (0.001)
Education cost 0.020 0.024 -0.026
(0.015) (0.014) (0.036)
#Young -0.008** -0.009* 0.037*
(0.004) (0.005) (0.020)
#Schoolage -0.016*** -0.011** 0.017
(0.004) (0.004) (0.014)
#Adult 0.004 0.007 0.021***
(0.004) (0.004) (0.007)
#OId 0.014 0.016 0.043***
(0.013) (0.013) (0.011)
HH farm 0.005 0.004 -0.006
(0.012) (0.011) (0.014)
HH nonfarm biz 0.008 -0.000 -0.070**
(0.009) (0.007) (0.031)
Observations 13327 13327 13322
F-test 1stage 39.72*%**

Robust standard errors in parenthesis

Spline function, knots are located at -0.5 and 0.5 standard deviations of monsoon onset. Specifications also
include province and year fixed effects. The probit estimates are transformed into marginal effects for
continuous variables and impact effects for binary variables, both evaluated at the mean of the explanatory
variables. Observations are weighted according to their sampling weights. Standard errors clustered on rain
stations.

* p<0.1, ** p<0.05, *** p<0.01
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Table B.5. School attendance disaggregated by age.

Dependent School attendance
variable
Young children aged 6-10 years Old children aged 11-16 years
Pooled probit IVREG; LPM Pooled probit IVREG; LPM
Splinel 0.001 -0.004 0.005 0.009
(0.017) (0.015) (0.022) (0.043)
Spline2 -0.006 -0.000 0.068* 0.106*
(0.023) (0.029) (0.041) (0.056)
Spline3 -0.045 -0.077 -0.033 -0.109
(0.119) (0.114) (0.151) (0.139)
Pce 0.143 0.524***
(0.107) (0.198)
Share of food -0.087*** -0.445%**
(0.029) (0.043)
Age 0.483*** 0.820*** -0.058 0.135
(0.031) (0.050) (0.089) (0.112)
Age2 -0.027*** -0.046*** -0.002 -0.009**
(0.002) (0.003) (0.003) (0.004)
Female 0.016** 0.016** -0.020 -0.028*
(0.007) (0.008) (0.013) (0.015)
Head female -0.011 0.009 -0.001 0.045*
(0.017) (0.022) (0.023) (0.024)
Christian 0.016 0.030 0.106*** 0.137***
(0.027) (0.041) (0.026) (0.045)
Hindu -0.102 -0.090 0.009 0.011
(0.078) (0.060) (0.049) (0.091)
Other religion 0.029 0.001 -0.287*** -0.284%**
(0.069) (0.092) (0.085) (0.060)
Head 25-35 -0.015 -0.025 -0.013 0.004
(0.030) (0.041) (0.048) (0.072)
Head 35-50 0.006 -0.003 0.021 0.059
(0.032) (0.047) (0.055) (0.072)
Head 51-65 -0.035 -0.039 0.030 0.093
(0.039) (0.047) (0.052) (0.073)
Head 65+ -0.011 -0.013 -0.069 0.008
(0.034) (0.042) (0.080) (0.088)
Mother some 0.027*** 0.042** 0.060*** 0.047
primary
(0.010) (0.020) (0.015) (0.029)
Mother primary 0.044*** 0.058*** 0.144*** 0.124***
(0.007) (0.018) (0.017) (0.036)
Mother some Jr 0.028 0.029 0.144*** 0.068
(0.018) (0.033) (0.023) (0.062)
Mother Jr high 0.056*** 0.077*** 0.126*** 0.064
(0.007) (0.023) (0.026) (0.047)
Mother Sr high 0.047*** 0.042 0.118*** -0.094
(0.010) (0.038) (0.031) (0.090)
Mother university — 0.052*** 0.012 0.099 -0.170

(0.011) (0.067) (0.092) (0.106)
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Dependent School attendance
variable
Young children aged 6-10 years Old children aged 11-16 years
Pooled probit IVREG; LPM Pooled probit IVREG; LPM
Mother edu -0.003 -0.005 0.027 -0.001
missing
(0.023) (0.034) (0.024) (0.037)
Father some 0.022 0.041* 0.007 0.037*
primary
(0.013) (0.025) (0.023) (0.022)
Father primary 0.036** 0.049* 0.058*** 0.043
(0.015) (0.027) (0.021) (0.035)
Father some Jr 0.041*** 0.047 0.105*** 0.057
(0.008) (0.031) (0.031) (0.057)
Father Jr high 0.040*** 0.047 0.126*** 0.039
(0.012) (0.036) (0.018) (0.058)
Father Sr high 0.066*** 0.077** 0.159*** 0.052
(0.007) (0.034) (0.015) (0.063)
Father university ~ 0.043*** 0.017 0.158*** -0.050
(0.016) (0.058) (0.025) (0.118)
Father edu 0.041*** 0.090** 0.034 -0.018
missing
(0.015) (0.044) (0.023) (0.054)
Maternal orphan  -0.030 -0.021 -0.051** -0.056
(0.032) (0.026) (0.024) (0.036)
Paternal orphan -0.060* -0.066** -0.064* -0.022
(0.032) (0.030) (0.034) (0.033)
Time -0.002*** -0.003*** -0.002* -0.000
(0.000) (0.001) (0.001) (0.001)
Education cost 0.007 -0.008 0.028 -0.047
(0.008) (0.024) (0.025) (0.058)
#Young -0.013*** 0.002 -0.004 0.070**
(0.004) (0.016) (0.007) (0.030)
#Schoolage -0.016*** -0.007 -0.010* 0.044**
(0.004) (0.013) (0.006) (0.020)
#Adult -0.000 0.007 0.011** 0.034***
(0.004) (0.007) (0.005) (0.008)
#OlId 0.002 0.012 0.031* 0.080***
(0.012) (0.013) (0.017) (0.020)
HH farm -0.008 -0.009 0.031 0.002
(0.006) (0.008) (0.024) (0.021)
HH nonfarm biz ~ 0.011 -0.023 0.008 -0.117%**
(0.007) (0.025) (0.016) (0.043)
Observations 6520 6519 6807 6803
F-test 1* stage 24.79%** 40.49***

Robust standard errors in parenthesis

Spline function, knots are located at -0.5 and 0.5 standard deviations of monsoon onset. Specifications also
include province and year fixed effects. The probit estimates are transformed into marginal effects for
continuous variables and impact effects for binary variables, both evaluated at the mean of the explanatory
variables. Observations are weighted according to their sampling weights. Standard errors are clustered on

rain stations. * p<0.1, ** p<0.05, *** p<0.01
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Table B.6. School attendance for children aged 6-19 years who have completed primary
school, conditioning on monsoon onset in the transition year from primary to secondary

school.
Dependent School attendance after completion of the primary school
variable
Start year based on birth cohort Start year based on reported school
starting age
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LMP
Monsoon -0.028***  -0.023***  -0.021***  -0.019***  -0.013** -0.010*
onset in
transition
year
(0.010) (0.007) (0.006) (0.007) (0.005) (0.006)
PCE 0.037** 0.291 0.042*** 0.325*
(0.014) (0.183) (0.014) (0.195)
Share of -0.649*** -0.679***
food
(0.077) (0.065)
Age 0.151** 0.150*** 0.176*** 0.125* 0.113** 0.131***
(0.069) (0.054) (0.053) (0.074) (0.049) (0.050)
Age2 -0.007***  -0.006***  -0.007***  -0.008***  -0.007***  -0.007***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Female -0.077***  -0.050***  -0.053***  -0.072***  -0.045***  -0.050***
(0.021) (0.016) (0.017) (0.018) (0.014) (0.014)
Head female -0.010 0.005 0.023 0.018 0.018 0.032
(0.026) (0.017) (0.027) (0.026) (0.016) (0.024)
Christian 0.102 0.073 0.100* 0.151** 0.100* 0.146**
(0.076) (0.050) (0.058) (0.069) (0.051) (0.064)
Hindu -0.071 -0.039 -0.044 -0.021 -0.009 -0.031
(0.050) (0.041) (0.050) (0.052) (0.048) (0.058)
Other -0.241* -0.183* -0.209***  -0.244* -0.181* -0.210%***
religion
(0.145) (0.094) (0.066) (0.144) (0.098) (0.070)
Head 25-35 -0.054 -0.040 -0.069* 0.003 -0.003 -0.022
(0.037) (0.027) (0.040) (0.039) (0.027) (0.039)
Head 35-50  0.016 0.012 0.014 0.078** 0.051** 0.056*
(0.034) (0.023) (0.031) (0.037) (0.023) (0.029)
Head 51-65  0.022 0.014 0.018 0.076 0.050 0.054
(0.043) (0.030) (0.036) (0.052) (0.035) (0.040)
Head 65+ -0.042 -0.035 -0.025 0.021 0.005 0.024
(0.055) (0.035) (0.042) (0.059) (0.038) (0.044)
Mother 0.109*** 0.095%** 0.075%** 0.138*** 0.113*** 0.085***
some
primary
(0.024) (0.019) (0.024) (0.025) (0.019) (0.026)
Mother 0.219*** 0.187*** 0.156*** 0.227*** 0.189*** 0.148***
primary
(0.029) (0.022) (0.027) (0.031) (0.023) (0.031)
Mother 0.323*** 0.277*** 0.214*** 0.344*** 0.292*** 0.207***
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Dependent School attendance after completion of the primary school
variable
Start year based on birth cohort Start year based on reported school
starting age

Pooled LPM IVREG,; Pooled LPM IVREG,;

Probit LPM Probit LMP
some Jr

(0.056) (0.047) (0.062) (0.050) (0.039) (0.066)
Mother Jr 0.266*** 0.227*** 0.173*** 0.299*** 0.248*** 0.180***
high

(0.033) (0.030) (0.043) (0.030) (0.029) (0.049)
Mother Sr 0.190*** 0.160*** 0.051 0.171*** 0.144%*** 0.025
high

(0.040) (0.030) (0.062) (0.049) (0.035) (0.062)
Mother 0.324*** 0.243*** 0.139 0.282*** 0.238*** 0.099
university

(0.044) (0.047) (0.086) (0.072) (0.050) (0.097)
Motheredu  0.110*** 0.103*** 0.074* 0.126** 0.113** 0.081
missing

(0.040) (0.033) (0.045) (0.054) (0.046) (0.066)
Father some  0.040 0.038 0.043 0.032 0.031 0.038
primary

(0.038) (0.028) (0.027) (0.041) (0.030) (0.030)
Father 0.101** 0.089** 0.071* 0.092* 0.081** 0.063
primary

(0.049) (0.038) (0.043) (0.047) (0.037) (0.044)
Father some  0.169*** 0.152*** 0.109** 0.152** 0.141*** 0.087
Jr

(0.057) (0.044) (0.049) (0.062) (0.044) (0.061)
Father Jr 0.219*** 0.186*** 0.141** 0.209*** 0.176*** 0.139**
high

(0.037) (0.035) (0.062) (0.039) (0.035) (0.059)
Father Sr 0.301*** 0.252%** 0.192%** 0.306*** 0.245%** 0.179***
high

(0.031) (0.032) (0.063) (0.031) (0.033) (0.068)
Father 0.316*** 0.257*** 0.142 0.293*** 0.233*** 0.106
university

(0.043) (0.048) (0.116) (0.050) (0.050) (0.129)
Father edu 0.121** 0.105** 0.069 0.083 0.066 0.018
missing

(0.052) (0.041) (0.050) (0.055) (0.045) (0.063)
Maternal -0.078** -0.046* -0.048* -0.068 -0.036 -0.025
orphan

(0.038) (0.026) (0.027) (0.044) (0.029) (0.032)
Paternal -0.010 -0.013 -0.001 -0.015 -0.013 -0.001
orphan

(0.032) (0.019) (0.018) (0.036) (0.022) (0.021)
Time -0.003** -0.001 -0.001 -0.002 -0.000 -0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Education 0.085*** 0.076*** 0.030 0.091** 0.078*** 0.031

cost
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Dependent School attendance after completion of the primary school
variable
Start year based on birth cohort Start year based on reported school
starting age

Pooled LPM IVREG,; Pooled LPM IVREG,;

Probit LPM Probit LMP

(0.030) (0.023) (0.048) (0.039) (0.027) (0.051)
#Young -0.007 -0.011 0.028 -0.012 -0.013 0.032

(0.014) (0.011) (0.032) (0.013) (0.0112) (0.036)
#Schoolage  0.004 0.009 0.033* 0.001 0.008 0.035*

(0.007) (0.006) (0.019) (0.008) (0.006) (0.020)
#Adult 0.010 0.008 0.020** 0.014 0.011 0.028**

(0.008) (0.006) (0.010) (0.009) (0.007) (0.012)
#OlId 0.012 0.013 0.039* 0.013 0.013 0.039**

(0.019) (0.013) (0.021) (0.016) (0.012) (0.015)
HH farm 0.035 0.019 0.012 0.035 0.016 0.008

(0.023) (0.015) (0.016) (0.025) (0.016) (0.016)
HH nonfarm  -0.006 -0.001 -0.055 -0.002 0.001 -0.056*
biz

(0.014) (0.009) (0.035) (0.018) (0.012) (0.034)
Observations 6786 6786 6782 6181 6181 6177
F-test 1% 29.52%** 31.46***
stage

Robust standard errors in parenthesis

Specifications also include province and year fixed effects and the last two regressions also birth cohort fixed
effects. The probit estimates are transformed into marginal effects for continuous variables and impact effects
for binary variables, both evaluated at the mean of the explanatory variables. Observations are weighted
according to their sampling weights. Standard errors clustered on rain stations.

* p<0.1, ** p<0.05, *** p<0.01
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Table B.7. The impact of weather risk (coefficient of variation of monsoon onset) on the
probability of a child ever attending school.

Dependent Ever attended school
variable
All children aged 6-16 years Young children aged 6-10 years
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LPM
Weather risk  -0.022 -0.060 -0.062 -0.092** -0.140** -0.138**
(0.019) (0.042) (0.042) (0.038) (0.068) (0.067)
Pce 0.017*** 0.052 0.027*** 0.116
(0.005) (0.069) (0.006) (0.115)
Share of -0.038*** -0.083***
food
(0.011) (0.024)
Age 0.062*** 0.173*** 0.173*** 0.315*** 0.697*** 0.699***
(0.004) (0.016) (0.016) (0.024) (0.062) (0.063)
Age2 -0.003***  -0.007***  -0.007***  -0.017***  -0.039***  -0.039***
(0.000) (0.001) (0.001) (0.001) (0.003) (0.004)
Female 0.004 0.007 0.007 0.014** 0.017* 0.017*
(0.004) (0.006) (0.006) (0.007) (0.009) (0.009)
Head female -0.000 0.001 0.005 0.003 0.008 0.020
(0.005) (0.009) (0.011) (0.011) (0.014) (0.024)
Christian 0.010 0.018 0.019 0.020 0.025 0.030
(0.006) (0.020) (0.021) (0.016) (0.030) (0.033)
Hindu 0.008 0.027 0.025 0.020 0.027 0.017
(0.006) (0.021) (0.021) (0.022) (0.031) (0.034)
Other -0.013 -0.010 -0.015 -0.016 -0.006 -0.041
religion
(0.034) (0.040) (0.032) (0.094) (0.076) (0.072)
Head 25-35  0.008*** 0.034%*** 0.034%*** 0.007 0.042 0.039
(0.003) (0.011) (0.011) (0.026) (0.052) (0.048)
Head 35-50  0.018*** 0.043*** 0.045*** 0.026 0.062 0.059
(0.006) (0.015) (0.014) (0.027) (0.054) (0.052)
Head 51-65  0.009** 0.032** 0.034** 0.003 0.032 0.032
(0.004) (0.014) (0.014) (0.023) (0.047) (0.043)
Head 65+ 0.007 0.027 0.030 -0.005 0.027 0.034
(0.005) (0.018) (0.019) (0.027) (0.047) (0.043)
Mother 0.008*** 0.026*** 0.024** 0.016* 0.041** 0.034
some
primary
(0.003) (0.009) (0.012) (0.008) (0.016) (0.022)
Mother 0.017*** 0.043*** 0.040*** 0.033*** 0.067*** 0.060***
primary
(0.003) (0.009) (0.012) (0.006) (0.014) (0.018)
Mother 0.008 0.030* 0.022 0.020 0.059* 0.039
some Jr
(0.007) (0.017) (0.021) (0.015) (0.032) (0.040)
Mother Jr 0.015*** 0.051*** 0.044*** 0.039*** 0.095*** 0.078***
high
(0.003) (0.010) (0.017) (0.006) (0.015) (0.025)
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Dependent Ever attended school
variable
All children aged 6-16 years Young children aged 6-10 years

Pooled LPM IVREG; Pooled LPM IVREG;

Probit LPM Probit LPM
Mother Sr 0.016*** 0.053*** 0.042* 0.040*** 0.096*** 0.070*
high

(0.003) (0.010) (0.024) (0.007) (0.019) (0.037)
Mother 0.016*** 0.042%** 0.023 0.036*** 0.076*** 0.024
university

(0.003) (0.008) (0.038) (0.008) (0.018) (0.071)
Mother edu  -0.010 -0.018 -0.021 -0.032 -0.032 -0.040
missing

(0.012) (0.021) (0.018) (0.027) (0.038) (0.037)
Father some  0.005 0.021 0.020 0.009 0.026 0.022
primary

(0.005) (0.018) (0.018) (0.011) (0.027) (0.026)
Father 0.009** 0.029* 0.025 0.019 0.039 0.026
primary

(0.004) (0.016) (0.019) (0.012) (0.027) (0.031)
Father some  0.012*** 0.039* 0.033 0.025*** 0.051 0.033
Jr

(0.003) (0.022) (0.028) (0.009) (0.033) (0.043)
Father Jr 0.012*** 0.037* 0.030 0.025** 0.052 0.032
high

(0.004) (0.018) (0.026) (0.011) (0.033) (0.043)
Father Sr 0.017*** 0.048*** 0.039 0.036*** 0.064** 0.036
high

(0.002) (0.014) (0.029) (0.007) (0.024) (0.048)
Father 0.011** 0.037** 0.019 0.018 0.039 -0.008
university

(0.005) (0.017) (0.044) (0.016) (0.029) (0.070)
Father edu 0.013*** 0.056** 0.054** 0.035*** 0.097** 0.094**
missing

(0.003) (0.024) (0.026) (0.007) (0.043) (0.045)
Maternal -0.005 -0.010 -0.009 -0.021 -0.031 -0.023
orphan

(0.007) (0.010) (0.009) (0.025) (0.030) (0.026)
Paternal -0.023** -0.031* -0.028* -0.037 -0.043 -0.039
orphan

(0.012) (0.016) (0.017) (0.031) (0.034) (0.032)
Time -0.000***  -0.002***  -0.001***  -0.001***  -0.002***  -0.002***

(0.000) (0.001) (0.001) (0.000) (0.001) (0.001)
Education 0.011*** 0.021** 0.016 0.017* 0.025* 0.011
cost

(0.004) (0.009) (0.019) (0.010) (0.014) (0.029)
#Young -0.003** -0.004 0.002 -0.009***  -0.012** 0.002

(0.002) (0.003) (0.014) (0.003) (0.005) (0.020)
#Schoolage  -0.005***  -0.011** -0.007 -0.014***  -0.019***  -0.011

(0.002) (0.004) (0.010) (0.003) (0.006) (0.014)
#Adult 0.000 0.001 0.003 0.001 0.004 0.009
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Dependent Ever attended school
variable
All children aged 6-16 years Young children aged 6-10 years
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LPM
(0.002) (0.003) (0.005) (0.003) (0.004) (0.009)
#OlId 0.004 0.007 0.011* 0.004 0.007 0.015
(0.004) (0.007) (0.006) (0.010) (0.014) (0.011)
HH farm -0.002 -0.002 -0.003 -0.004 -0.001 -0.003
(0.003) (0.006) (0.006) (0.007) (0.010) (0.010)
HH nonfarm  0.005* 0.002 -0.005 0.013** 0.008 -0.011
biz
(0.003) (0.006) (0.014) (0.005) (0.007) (0.025)
Observations 11899 11895 11890 5684 5684 5683
F-test 1° 59.36*** 38.81***
stage

Robust standard errors in parenthesis

Coefficient of variation of monsoon onset is calculated for the period of 1979-2003. Specifications also
include province and year fixed effects. The probit estimates are transformed into marginal effects for
continuous variables and impact effects for binary variables, both evaluated at the mean of the explanatory
variables. Observations are weighted according to their sampling weights. Standard errors clustered on rain
stations.

* p<0.1, ** p<0.05, *** p<0.01
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Table B.8. Child labour participation (if child worked in the past month), year 2000.

Dependent Child labour (only year 2000)
variable
All children aged 6-14 year Old children aged 10-14 years
Pooled LPM IVREG; Pooled LPM IVREG;
probit LMP probit LPM
Lagged 0.021** 0.027* 0.027** 0.058** 0.051* 0.050**
monsoon
onset
(0.011) (0.014) (0.014) (0.027) (0.026) (0.025)
Pce 0.023* 0.058 0.036* 0.001
(0.012) (0.118) (0.019) (0.178)
Share of -0.020 0.005
food
(0.022) (0.049)
Age 0.049*** -0.050** -0.048** -0.038 -0.151 -0.161
(0.018) (0.019) (0.022) (0.144) (0.143) (0.152)
Age2 -0.001 0.004*** 0.004*** 0.003 0.008 0.009
(0.001) (0.001) (0.001) (0.006) (0.006) (0.006)
Female -0.004 -0.006 -0.007 -0.012 -0.014 -0.012
(0.006) (0.010) (0.012) (0.016) (0.018) (0.022)
Head female 0.031** 0.042** 0.045*** 0.065** 0.067** 0.065**
(0.015) (0.019) (0.016) (0.032) (0.029) (0.027)
Christian 0.022 0.034 0.034 0.063 0.067 0.070
(0.032) (0.043) (0.042) (0.072) (0.069) (0.069)
Hindu 0.014 0.002 -0.002 0.029 0.004 0.007
(0.073) (0.094) (0.094) (0.157) (0.150) (0.145)
Other -0.060 -0.080 -0.260***  -0.259***
religion
(0.065) (0.064) (0.087) (0.083)
Head 25-35  0.042 0.064 0.064 0.055 0.067 0.065
(0.045) (0.040) (0.040) (0.081) (0.062) (0.057)
Head 35-50 0.024 0.049 0.050 0.042 0.057 0.054
(0.031) (0.041) (0.039) (0.062) (0.056) (0.050)
Head 51-65  0.022 0.042 0.043 0.025 0.041 0.037
(0.045) (0.048) (0.046) (0.082) (0.072) (0.062)
Head 65+ 0.061 0.084 0.087* 0.079 0.098 0.093
(0.071) (0.059) (0.051) (0.108) (0.093) (0.074)
Mother -0.001 0.000 0.000 -0.008 -0.008 -0.007
some
primary
(0.014) (0.023) (0.022) (0.030) (0.034) (0.033)
Mother -0.023* -0.027 -0.027 -0.048* -0.047 -0.046
primary
(0.013) (0.022) (0.022) (0.028) (0.033) (0.032)
Mother -0.016 -0.028 -0.027 -0.018 -0.024 -0.016
some Jr
(0.025) (0.045) (0.044) (0.071) (0.079) (0.076)
Mother Jr -0.012 -0.019 -0.024 -0.019 -0.020 -0.014

high
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Dependent Child labour (only year 2000)
variable
All children aged 6-14 year Old children aged 10-14 years

Pooled LPM IVREG; Pooled LPM IVREG;

probit LMP probit LPM

(0.012) (0.022) (0.027) (0.027) (0.033) (0.042)
Mother Sr -0.026** -0.046* -0.052 -0.074***  -0.096***  -0.086
high

(0.012) (0.025) (0.032) (0.022) (0.034) (0.056)
Mother -0.043***  -0.071* -0.084 -0.099***  -0.096 -0.083
university

(0.011) (0.035) (0.059) (0.037) (0.064) (0.094)
Mother edu  -0.044***  -0.077** -0.078** -0.110***  -0.137***  -0.134***
missing

(0.010) (0.032) (0.031) (0.028) (0.049) (0.042)
Father some  -0.024***  -0.043***  -0.043***  -0.044** -0.053** -0.055**
primary

(0.007) (0.012) (0.012) (0.019) (0.024) (0.027)
Father -0.013 -0.031 -0.033 -0.024 -0.037 -0.037
primary

(0.009) (0.018) (0.021) (0.025) (0.032) (0.032)
Father some  -0.043***  -0.081***  -0.083***  -0.092***  -0.125***  -0.117***
Jr

(0.007) (0.020) (0.021) (0.022) (0.044) (0.042)
Father Jr -0.014 -0.032 -0.036 -0.033 -0.043 -0.040
high

(0.010) (0.020) (0.029) (0.026) (0.036) (0.045)
Father Sr -0.031***  -0.057** -0.065** -0.066** -0.077* -0.074**
high

(0.010) (0.023) (0.030) (0.027) (0.041) (0.037)
Father -0.002 -0.023 -0.043 -0.014 -0.047 -0.026
university

(0.021) (0.028) (0.066) (0.040) (0.057) (0.105)
Father edu -0.015 -0.039 -0.039 -0.007 -0.028 -0.027
missing

(0.014) (0.024) (0.025) (0.046) (0.054) (0.051)
Maternal -0.002 -0.018 -0.017 -0.014 -0.014 -0.015
orphan

(0.026) (0.039) (0.038) (0.051) (0.046) (0.044)
Paternal -0.004 -0.000 0.001 -0.008 -0.004 -0.007
orphan

(0.020) (0.037) (0.038) (0.048) (0.055) (0.058)
Time 0.001 0.001 0.001 0.002 0.001 0.001

(0.001) (0.001) (0.001) (0.001) (0.002) (0.002)
Education -0.005 -0.012 -0.019 -0.014 -0.023 -0.015
cost

(0.013) (0.016) (0.032) (0.033) (0.031) (0.062)
#Young -0.001 0.002 0.007 0.000 0.007 0.001

(0.005) (0.006) (0.019) (0.010) (0.009) (0.028)
#Schoolage  0.007 0.010 0.013 0.016* 0.020* 0.017

(0.004) (0.007) (0.011) (0.009) (0.011) (0.016)
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Dependent Child labour (only year 2000)
variable
All children aged 6-14 year Old children aged 10-14 years
Pooled LPM IVREG; Pooled LPM IVREG;
probit LMP probit LPM
#Adult -0.003 -0.003 0.000 -0.005 -0.002 -0.005
(0.004) (0.005) (0.009) (0.010) (0.009) (0.012)
#0OId 0.002 0.003 0.005 0.016 0.019 0.016
(0.009) (0.014) (0.021) (0.019) (0.023) (0.033)
HH farm 0.029*** 0.036** 0.035** 0.064*** 0.060** 0.062***
(0.010) (0.016) (0.014) (0.022) (0.025) (0.021)
HH nonfarm  0.038*** 0.043*** 0.036 0.080*** 0.067*** 0.075
biz
(0.010) (0.012) (0.032) (0.021) (0.021) (0.054)
Observations 3949 3951 3948 2240 2239 2237
F-test 1% 16.02*** 33.80***
stage

Robust standard errors in parenthesis

Lagged monsoon onset in linear form. Specifications also include province fixed effects. The probit estimates
are transformed into marginal effects for continuous variables and impact effects for binary variables, both
evaluated at the mean of the explanatory variables. Observations are weighted according to their sampling
weights. Standard errors clustered on rain stations.

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



193

Table B.9. Family work vs. wage work, year 2000, children aged 10-14 years.

Dependent Child labour (family work or wage work)
variable
Family Work Wage Work
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LMP
Lagged 0.036** 0.030* 0.029* 0.032*** 0.034** 0.034**
monsoon
onset
(0.018) (0.017) (0.017) (0.011) (0.016) (0.015)
Pce 0.037** 0.089 0.004 -0.077
(0.014) (0.164) (0.013) (0.078)
Share of -0.020 0.016
food
(0.041) (0.023)
Age 0.111 0.033 0.041 -0.119***  -0.214***  -0.230***
(0.138) (0.151) (0.153) (0.042) (0.059) (0.065)
Age2 -0.003 -0.000 -0.000 0.005*** 0.010*** 0.010***
(0.006) (0.006) (0.006) (0.002) (0.003) (0.003)
Female -0.013 -0.016 -0.017 0.000 0.000 0.003
(0.012) (0.013) (0.016) (0.007) (0.010) (0.011)
Head female 0.021 0.025 0.028 0.045*** 0.053*** 0.048***
(0.032) (0.032) (0.025) (0.015) (0.017) (0.014)
Christian 0.085 0.092 0.094 -0.015 -0.014 -0.014
(0.068) (0.062) (0.060) (0.010) (0.024) (0.025)
Hindu 0.056 0.026 0.022 -0.009 -0.015 -0.009
(0.171) (0.152) (0.148) (0.006) (0.016) (0.023)
Other -0.139** -0.139** -0.123** -0.121**
religion
(0.064) (0.063) (0.046) (0.048)
Head 25-35  0.045 0.049 0.051 0.028 0.042 0.039
(0.097) (0.075) (0.072) (0.044) (0.041) (0.040)
Head 35-50 0.024 0.031 0.036 0.027 0.050 0.043
(0.072) (0.062) (0.056) (0.026) (0.043) (0.044)
Head 51-65  0.005 0.010 0.014 0.042 0.056 0.049
(0.091) (0.084) (0.076) (0.046) (0.042) (0.042)
Head 65+ 0.037 0.049 0.056 0.042 0.048 0.037
(0.113) (0.102) (0.087) (0.054) (0.043) (0.043)
Mother -0.011 -0.014 -0.014 0.005 0.010 0.010
some
primary
(0.028) (0.034) (0.032) (0.008) (0.010) (0.011)
Mother -0.036 -0.035 -0.035 -0.003 -0.003 -0.002
primary
(0.028) (0.036) (0.035) (0.006) (0.010) (0.011)
Mother 0.005 0.002 0.005 -0.028** -0.025*
some Jr
(0.072) (0.079) (0.081) (0.0112) (0.013)
Mother Jr -0.011 -0.005 -0.012 -0.009 -0.014 -0.002

high
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Dependent Child labour (family work or wage work)
variable
Family Work Wage Work

Pooled LPM IVREG; Pooled LPM IVREG;

Probit LPM Probit LMP

(0.027) (0.035) (0.042) (0.007) (0.0112) (0.017)
Mother Sr -0.080***  -0.115***  -0.130***  0.020 0.025 0.049
high

(0.018) (0.037) (0.048) (0.032) (0.026) (0.042)
Mother -0.082***  -0.087 -0.107 -0.009 0.022
university

(0.029) (0.062) (0.086) (0.018) (0.038)
Motheredu  -0.086***  -0.109** -0.114***  -0.021***  -0.031 -0.025
missing

(0.026) (0.047) (0.042) (0.006) (0.022) (0.023)
Father some  -0.048** -0.062** -0.059* -0.002 -0.000 -0.004
primary

(0.020) (0.028) (0.030) (0.007) (0.013) (0.014)
Father -0.021 -0.035 -0.037 -0.008 -0.013 -0.010
primary

(0.027) (0.036) (0.037) (0.008) (0.017) (0.015)
Father some -0.096***  -0.153***  -0.155***  0.001 0.002 0.011
Jr

(0.017) (0.045) (0.043) (0.014) (0.023) (0.026)
Father Jr -0.026 -0.042 -0.048 -0.007 -0.009 -0.001
high

(0.028) (0.041) (0.049) (0.010) (0.019) (0.021)
Father Sr -0.050* -0.065 -0.070 -0.017** -0.030 -0.022
high

(0.029) (0.046) (0.044) (0.008) (0.021) (0.018)
Father 0.008 -0.028 -0.060 -0.043 0.006
university

(0.040) (0.052) (0.107) (0.028) (0.040)
Father edu -0.029 -0.058 -0.059 0.010 0.012 0.014
missing

(0.038) (0.050) (0.048) (0.026) (0.037) (0.035)
Maternal -0.030 -0.026 -0.026 0.009 0.008 0.007
orphan

(0.045) (0.036) (0.035) (0.025) (0.029) (0.029)
Paternal -0.005 -0.002 0.002 -0.011 -0.022 -0.028
orphan

(0.048) (0.056) (0.055) (0.010) (0.029) (0.029)
Time 0.002* 0.002 0.002 -0.000 -0.000 -0.001

(0.001) (0.001) (0.002) (0.000) (0.001) (0.001)
Education -0.027 -0.035 -0.049 0.011 0.012 0.032
cost

(0.029) (0.028) (0.056) (0.008) (0.012) (0.027)
#Young -0.004 0.001 0.009 0.004 0.007 -0.006

(0.011) (0.010) (0.028) (0.003) (0.006) (0.010)
#Schoolage  0.004 0.009 0.014 0.010*** 0.014** 0.007

(0.008) (0.010) (0.016) (0.003) (0.006) (0.010)
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Dependent Child labour (family work or wage work)
variable
Family Work Wage Work
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LMP
#Adult -0.003 -0.000 0.004 -0.006* -0.008* -0.015**
(0.009) (0.009) (0.013) (0.003) (0.005) (0.007)
#0OId 0.018 0.022 0.027 0.002 0.004 -0.003
(0.017) (0.021) (0.033) (0.008) (0.015) (0.018)
HH farm 0.077*** 0.076*** 0.073*** -0.005 -0.006 -0.002
(0.021) (0.024) (0.021) (0.007) (0.009) (0.009)
HH nonfarm  0.083*** 0.073*** 0.062 0.000 -0.001 0.016
biz
(0.022) (0.024) (0.052) (0.005) (0.008) (0.020)
Observations 2240 2239 2237 2096 2239 2237
F-test 1% 33.80*** 33.80***
stage

Robust standard errors in parenthesis
Lagged monsoon onset in linar form. Specifications also include province fixed effects. The probit estimates
are transformed into marginal effects for continuous variables and impact effects for binary variables, both
evaluated at the mean of the explanatory variables. Observations are weighted according to their sampling
weights. Standard errors clustered on rain stations.

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

Table B.10. Child labour specification, lagged monsoon onset interacted with female

dummy.
Dependent variable Child labour
Both family and Family Work Wage work
wage
Lagged monsoon onset 0.051** 0.027 0.035***
(0.026) (0.018) (0.011)
Lagged monsoon*female 0.016 0.023 -0.007
(0.025) (0.024) (0.009)
Share of food 0.005 -0.020 0.016
(0.050) (0.041) (0.023)
Observations 2240 2240 2096

Robust standard errors in parenthesis
Only survey year 2000, pooled probit specification. Specifications also includes same individual, household
and community characteristics as in previous tables. Also province fixed effects included. Observations are
weighted according to their sampling weights. Standard errors clustered on rain stations.

* p<0.1, ** p<0.05, *** p<0.01
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Table B.11. Child labour participation 1993-2000, children aged 10-14 years.

Dependent Child labour
variable
Survey years 1993, 1997 and 2000 Survey years 1997 and 2000
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LPM
Splinel -0.005* -0.009 -0.008 0.009 0.019 0.017
(0.003) (0.007) (0.008) (0.008) (0.015) (0.017)
Spline2 -0.015* -0.027* -0.037* -0.024** -0.047** -0.061**
(0.009) (0.014) (0.019) (0.011) (0.020) (0.025)
Spline3 0.095*** 0.173*** 0.186*** 0.116*** 0.233*** 0.267***
(0.036) (0.054) (0.065) (0.028) (0.043) (0.058)
Pce 0.009 -0.093 0.020* -0.119
(0.010) (0.069) (0.010) (0.087)
Share of 0.033*** 0.036***
food
(0.009) (0.009)
Age 0.009 -0.127* -0.137* -0.007 -0.159***  -0.168***
(0.037) (0.073) (0.071) (0.021) (0.050) (0.050)
Age2 0.000 0.006* 0.007** 0.001 0.007*** 0.008***
(0.002) (0.003) (0.003) (0.001) (0.002) (0.002)
Female -0.005 -0.010 -0.006 -0.004 -0.009 -0.002
(0.005) (0.007) (0.007) (0.004) (0.006) (0.007)
Head female 0.015* 0.025* 0.018 0.013 0.025 0.013
(0.008) (0.012) (0.015) (0.009) (0.016) (0.022)
Christian 0.009 0.015 0.006 0.018 0.033 0.024
(0.016) (0.021) (0.025) (0.023) (0.028) (0.032)
Hindu -0.015** -0.030 -0.018 -0.003 -0.008 -0.015
(0.006) (0.024) (0.017) (0.014) (0.025) (0.031)
Other 0.174** 0.251*** 0.248*** -0.042* -0.006
religion
(0.087) (0.089) (0.084) (0.024) (0.033)
Head 25-35  0.007 0.015 0.021 0.007 0.014 0.019
(0.018) (0.026) (0.028) (0.014) (0.029) (0.032)
Head 35-50  0.002 0.007 0.008 -0.001 0.002 -0.001
(0.013) (0.023) (0.026) (0.011) (0.027) (0.030)
Head 51-65  0.004 0.010 0.006 0.006 0.013 0.009
(0.015) (0.023) (0.024) (0.012) (0.026) (0.026)
Head 65+ 0.021 0.034 0.030 0.015 0.028 0.024
(0.022) (0.021) (0.022) (0.019) (0.030) (0.029)
Mother -0.006* -0.015* -0.005 -0.012***  -0.034***  -0.022
some
primary
(0.004) (0.009) (0.011) (0.004) (0.011) (0.015)
Mother -0.011***  -0.025***  -0.012 -0.011***  -0.034***  -0.019
primary
(0.003) (0.007) (0.013) (0.003) (0.010) (0.017)
Mother -0.020***  -0.055***  -0.030 -0.063***  -0.040**
some Jr
(0.002) (0.010) (0.021) (0.009) (0.019)
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Dependent Child labour
variable
Survey years 1993, 1997 and 2000 Survey years 1997 and 2000
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LPM
Mother Jr -0.012** -0.022* -0.002 -0.010** -0.033** -0.006
high
(0.005) (0.011) (0.020) (0.005) (0.015) (0.028)
Mother Sr -0.008 -0.025* 0.014 -0.011***  -0.046***  0.004
high
(0.007) (0.013) (0.028) (0.004) (0.014) (0.037)
Mother -0.039***  0.018 -0.047***  0.028
university
(0.013) (0.041) (0.012) (0.052)
Mother edu  0.009 0.017 0.035 0.003 0.004 0.034
missing
(0.014) (0.026) (0.024) (0.012) (0.031) (0.029)
Father some  0.000 -0.005 -0.007 0.005 0.009 0.003
primary
(0.003) (0.007) (0.006) (0.004) (0.009) (0.010)
Father -0.014***  -0.029***  -0.023* -0.009***  -0.019* -0.014
primary
(0.004) (0.010) (0.013) (0.003) (0.010) (0.012)
Father some -0.012* -0.032* -0.013 -0.012***  -0.032** -0.015
Jr
(0.007) (0.017) (0.020) (0.004) (0.013) (0.015)
Father Jr -0.011** -0.030* -0.013 -0.007* -0.016 0.002
high
(0.005) (0.015) (0.019) (0.004) (0.012) (0.019)
Father Sr -0.018***  -0.040** -0.017 -0.010** -0.023 -0.003
high
(0.005) (0.015) (0.022) (0.005) (0.014) (0.019)
Father -0.001 -0.024* 0.031 -0.012***  -0.036** 0.034
university
(0.012) (0.013) (0.037) (0.004) (0.015) (0.044)
Father edu -0.011** -0.031* -0.024 -0.005 -0.009 -0.006
missing
(0.005) (0.016) (0.020) (0.006) (0.018) (0.020)
Maternal 0.018 0.028 0.031 0.016* 0.030 0.033
orphan
(0.012) (0.019) (0.020) (0.010) (0.020) (0.023)
Paternal 0.016 0.032 0.026 0.005 0.009 0.001
orphan
(0.011) (0.020) (0.021) (0.011) (0.025) (0.026)
Time 0.000 0.000 0.000 -0.000 -0.000 -0.001
(0.000) (0.000) (0.001) (0.000) (0.001) (0.001)
Education -0.000 -0.005 0.014 -0.000 -0.010 0.025
cost
(0.004) (0.008) (0.016) (0.005) (0.008) (0.024)
#Young -0.003 -0.002 -0.018 -0.002 0.001 -0.021
(0.003) (0.003) (0.011) (0.002) (0.004) (0.014)
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Dependent Child labour
variable
Survey years 1993, 1997 and 2000 Survey years 1997 and 2000
Pooled LPM IVREG; Pooled LPM IVREG;
Probit LPM Probit LPM
#Schoolage  0.004 0.007 -0.003 0.005*** 0.012* 0.000
(0.002) (0.006) (0.009) (0.002) (0.006) (0.011)
#Adult -0.000 0.001 -0.003 -0.000 0.002 -0.005
(0.002) (0.004) (0.006) (0.002) (0.004) (0.006)
#OlId -0.000 0.000 -0.010 -0.005* -0.006 -0.023*
(0.003) (0.005) (0.008) (0.003) (0.005) (0.012)
HH farm 0.004 0.006 0.007 0.003 0.005 0.006
(0.004) (0.008) (0.009) (0.004) (0.009) (0.010)
HH nonfarm  0.002 0.002 0.026 -0.000 -0.003 0.028
biz
(0.004) (0.006) (0.017) (0.003) (0.006) (0.021)
Observations 6321 6406 6404 4455 4652 4650
F-test 1° 22 47%** 15.87***
stage

Robust standard errors in parenthesis

Child labour refers to the question if child worked in the past 12 months). Spline function approach, knots are
located at -0.5, and 0.5. Specifications also include province and year fixed effects. The probit estimates are
transformed into marginal effects for continuous variables and impact effects for binary variables, both
evaluated at the mean of the explanatory variables. Observations are weighted according to their sampling
weights. Standard errors clustered on rain stations.

* p<0.1, ** p<0.05, *** p<0.01
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Appendix C

Appendix to Chapter Four

Cl  Summary statistics

Table C.1. Sample descriptive statistics for household expenditure and smallholder
specifications for Indonesia as a whole.

Mean sd Min max
Smallholder area  5744.746 16746.58 0 139195
Smallholder 11142.61 35053.14 0 398553
production
LOG PCE 12.5744 0.5811897 7.805269 18.49094
Rural 0.6175889 0.4859765 0 1
HHsize 4.058301 1.743745 1 24
Female head 0.1237585 0.329306 0 1
Age 45.25697 13.59616 15 98
Age squared 2233.048 1349 225 9604
No school 0.0951212 0.2933824 0 1
Primary 0.4809648 0.4996378 0 1
Junior high 0.1615586 0.3680456 0 1
Senior high 0.1985837 0.3989341 0 1
University 0.0637717 0.2443459 0 1
Agriculture 0.4784527 0.4995358 0 1
Mining 0.0146229 0.1200377 0 1
Manufacturing 0.0668958 0.2498416 0 1
Electricity 0.0022967 0.0478684 0 1
Construction 0.0451354 0.2076011 0 1
Wholesale 0.1205522 0.3256064 0 1




200

Mean sd Min max

Transportation 0.0573389 0.2324892 0 1
Finance 0.0101224 0.1000998 0 1
Public service 0.0991597 0.2988765 0 1
Other or nowork  0.1054234 0.3070984 0 1
Employer 0.044471 0.2061392 0 1
Employee 0.2445251 0.4298055 0 1
Casual worker 0.0748371 0.2631284 0 1
Family worker 0.1110323 0.3141723 0 1
2004 0.300265 0.4583734 0 1
2005 0.3064037 0.4609997 0 1
2006 0.3246424 0.4682414 0 1
2007 0.0686888 0.2529244 0 1
N 839918
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Table C.2. Sample descriptive statistics for household expenditure and smallholder
specification, only Sumatra and Kalimantan.

Mean Sd Min Max
Smallholder area  14583.63 24469.31 0 139195
Smallholder 28309.7 51956.84 0 398553
production
LOG PCE 12.56563 0.5533115 7.805269 17.51766
Rural 0.6632705 0.4725922 0 1
HHsize 4.176108 1.758919 1 18
Female head 0.112694 0.3162188 0 1
Age 44.19838 13.1966 15 98
Age squared 2127.646 1289.628 225 9604
No school 0.057537 0.2328661 0 1
Primary 0.4776209 0.4994997 0 1
Junior high 0.1885774 0.3911732 0 1
Senior high 0.2181645 0.4130003 0 1
University 0.0581002 0.2339333 0 1
Agriculture 0.5235613 0.4994453 0 1
Mining 0.0256071 0.1579602 0 1
Manufacturing 0.0471691 0.2120008 0 1
Electricity 0.0023676 0.0486003 0 1
Construction 0.041001 0.1982928 0 1
Wholesale 0.1135482 0.3172622 0 1
Transportation 0.0552994 0.228564 0 1
Finance 0.0078981 0.08852 0 1
Public service 0.0954431 0.2938264 0 1
Other or nowork  0.0881051 0.2834482 0 1
Employer 0.045764 0.2089733 0 1
Employee 0.2513881 0.4338118 0 1
Casual worker 0.0548166 0.2276222 0 1
Family worker 0.0937471 0.291477 0 1
2004 0.2964774 0.4567047 0 1
2005 0.2992876 0.4579467 0 1
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Mean Sd Min Max
2006 0.3455437 0.4755459 0 1
2007 00.0586914 .2350465 0 1
N 323114

Table C.3. Sample descriptive statistics for health and smallholder specifications, Indonesia
as a whole.

Mean sd min Max
Smallholder area  5836.318 16932.5 0 139195
Smallholder 11384.26 35619.66 0 398553
production
Asthma 0.0178921 0.1325595 0 1
Rural .6097884 0.4877979 0 1
Female 499128 0.4999995 0 1
Age 33.40722 16.84675 10 98
Age squared 1399.855 1355.824 100 9604
No school 0.0686751 0.252901 0 1
Primary 0.4510991 0.4976033 0 1
Junior high 0.211398 0.4083003 0 1
Senior high 0.2130318 0.4094502 0 1
University 0.0557959 0.2295273 0 1
Agriculture 0.2528165 0.4346269 0 1
Mining 0.0073879 0.0856351 0 1
Manufacturing 0.0501011 0.2181538 0 1
Electricity 0.0012996 0.0360259 0 1
Construction 0.0221905 0.1473027 0 1
Wholesale 0.0890767 0.2848547 0 1
Transportation 0.0273112 0.1629886 0 1
Finance 0.0064227 0.0798838 0 1
Public service 0.066506 0.2491646 0 1
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Mean sd min Max

Other or nowork  0.4768879 0.4994658 0 1
Own toilet 0.620983 0.4851427 0 1
Tap water 0.202392 0.4017831 0 1
Own house 0.8406882 0.3659668 0 1
2004 0.2975256 0.45717 0 1
2005 0.3049548 0.4603885 0 1
2006 0.3244626 0.468174 0 1
2007 0.073057 0.2602303 0 1
N 825670
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Table C.4. Sample descriptive statistics for household expenditure and total area and
production specifications in selected provinces in Kalimantan.

Mean Sd min Max
Total area 35411.81 53769.43 0 173172
Total production ~ 64717.16 99866.58 0 324053
LOG PCE 12.62874 0.5178772 11.16622 16.13105
Rural 0.7311886 0.4433508 0 1
HHsize 4.186834 1.753495 1 18
Female head 0.1058066 0.3075962 0 1
Age 44.17188 12.93793 15 98
Age squared 2118.538 1252.879 225 9604
Primary 0.5188734 0.499654 0 1
Junior high 0.154993 0.3619055 0 1
Senior high 0.1668869 0.3728826 0 1
University 0.0491864 0.2162615 0 1
Mining 0.0247791 0.1554543 0 1
Manufacturing 0.0396465 0.1951313 0 1
Electricity 0.0023127 0.048036 0 1
Construction 0.0375403 0.1900855 0 1
Wholesale 0.0986619 0.2982137 0 1
Transportaion 0.0336582 0.1803516 0 1
Finance 0.0066077 0.0810207 0 1
Public service 0.0840423 0.277457 0 1
Other or nowork  0.0791278 0.2699437 0 1
Employer 0.0396878 0.1952287 0 1
Employee 0.2161972 0.4116588 0 1
Casual worker 0.0388618 0.1932695 0 1
Family worker 0.0843727 0.2779516 0 1
2005 0.2923928 0.4548712 0 1
2006 0.577228 0.49401 0 1
2007 0.1303791 0.336727 0 1

N 24214




205

Table C.5. Sample descriptive statistics for health and total area and production in selected
provinces in Kalimantan.

Mean Sd min Max
Total area 39642.2 58181.14 0 187511
Total production ~ 71550.65 109841.5 0 368637
Asthma 0.0230755 0.1501439 0 1
Rural 0.722321 0.4478559 0 1
Female 0.4948206 0.4999751 0 1
Age 32.63823 16.21265 10 98
Age squared 1328.102 1270.584 100 9604
No school 0.0786036 0.2691201 0 1
Primary 0.4936919 0.4999621 0 1
Junior high 0.2061566 0.4045458 0 1
Senior high 0.1762396 0.3810253 0 1
University 0.0453084 0.2079804 0 1
Agriculture 0.354922 0.4784915 0 1
Mining 0.0173627 0.1306191 0 1
Manufacturing 0.0294145 0.168966 0 1
Electricity 0.001577 0.0396805 0 1
Construction 0.0200374 0.1401288 0 1
Wholesale 0.0870762 0.2819477 0 1
Transportation 0.0184372 0.1345266 0 1
Finance 0.0048702 0.069617 0 1
Public service 0.0665285 0.2492047 0 1
Other or nowork  0.3997743 0.4898537 0 1
Own toilet 0.5857156 0.4925999 0 1
Tap water 0.1798961 0.3841024 0 1
Own house 0.8697568 0.3365721 0 1
2005 0.1933085 0.3948943 0 1
2006 0.3502451 0.4770484 0 1
2007 0.0831104 0.2760501 0 1

N 129358
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C2 Estimation results

Table C.6. Prediction models for total area and production in selected provinces in
Kalimantan.

Area with historical Production with  Area with district Production with
values from Podes  historical values  forest area in 2000 district forest area
from Podes in 2000

Oil palm area in 0.0027***
2002

(0.0007)
Palm oil 0.0028***
production in 2002

(0.0003)
Forest area in 0.0037
2000
(0.0156)
Forest area in -0.0673***
2000
(0.0156)

Observations 145 93 140 88
F test for 16.46*** 121.94%** 0.05 18.62***
instrument
District fixed Yes Yes Yes Yes
effects
Year fixed effects  Yes Yes Yes Yes
Province year Yes Yes Yes Yes

interactions

Robust standard errors in parenthesis

Instruments are interacted with predicted province area of palm oil in the area specifications and predicted
province production in the production specifications.

Specifications using forest area as an instrument (columns 3 and 4) also include forest area*year interaction
terms

Regression coefficients are multiplied by 1000.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.7. The impact of smallholder area on LOG PCE, Indonesia as a whole. OLS and IV

estimates.
Dependent variable: LOG PCE
OLS, All V; All OLS; Only rural 1V; Only rural
Smallholder area -0.0000012 -0.0000016 -0.0000011 -0.0000015
(0.0000009) (0.0000011) (0.0000009) (0.0000010)
Rural -0.0056643 -0.0056262
(0.0139878) (0.0139646)
HHsize -0.1248956***  -0.1248954***  -0.1244789***  -0.1244789***
(0.0009753) (0.0009737) (0.0011793) (0.0011770)
Female head -0.0294674***  -0.0294662***  -0.0573325***  -0.0573308***
(0.0040112) (0.0040048) (0.0033054) (0.0032995)
Age 0.0173659*** 0.0173679*** 0.0172131*** 0.0172159***
(0.0004898) (0.0004893) (0.0004797) (0.0004791)
Age squared -0.0001347***  -0.0001347***  -0.0001404***  -0.0001404***
(0.0000047) (0.0000047) (0.0000047) (0.0000047)
Primary 0.1298889*** 0.1298863*** 0.1014460%*** 0.1014436***
(0.0041794) (0.0041718) (0.0039561) (0.0039482)
Junior high 0.2314918*** 0.2314932*** 0.1834006*** 0.1834155***
(0.0058269) (0.0058171) (0.0055363) (0.0055247)
Senior high 0.3746682*** 0.3746706*** 0.2912961*** 0.2913199***
(0.0074358) (0.0074236) (0.0064856) (0.0064767)
University 0.7146036*** 0.7145970*** 0.5221458*** 0.5221436***
(0.0176378) (0.0176084) (0.0101154) (0.0100966)
Mining 0.1228484*** 0.1228288*** 0.1066864*** 0.1066447***
(0.0156327) (0.0156082) (0.0113402) (0.0113220)
Manufacturing 0.0720965*** 0.0721189*** 0.0778137*** 0.0777840***
(0.0062807) (0.0062664) (0.0052530) (0.0052467)
Electricity 0.1937256*** 0.1938076*** 0.1928970*** 0.1929463***
(0.0134804) (0.0134597) (0.0254501) (0.0254024)
Construction 0.0150510*** 0.0150994*** 0.0487260*** 0.0487468***
(0.0051563) (0.0051351) (0.0051808) (0.0051668)
Wholesale 0.1562005*** 0.1562253*** 0.1854159*** 0.1854146***
(0.0050918) (0.0050799) (0.0048737) (0.0048642)
Transportation 0.0706944*** 0.0707214%*** 0.1358958*** 0.1358916***
(0.0056915) (0.0056730) (0.0056565) (0.0056462)
Finance 0.2196850*** 0.2197018*** 0.2072131*** 0.2072214***
(0.0088533) (0.0088368) (0.0172589) (0.0172295)
Public service 0.1011716*** 0.1011904*** 0.1558597*** 0.1558490***
(0.0062423) (0.0062297) (0.0059940) (0.0059819)
No work or other 0.0640405*** 0.0640496*** 0.0320173** 0.0319947**
(0.0122866) (0.0122644) (0.0150085) (0.0149783)
Employer 0.2392121*** 0.2392273*** 0.1748344*** 0.1748818***
(0.0093194) (0.0093044) (0.0058558) (0.0058484)
Employee 0.0290314*** 0.0290330*** 0.0400147*** 0.0400220***
(0.0040260) (0.0040195) (0.0052162) (0.0052051)
Casual worker -0.0533570***  -0.0533772***  -0.0474412***  -0.0474667***
(0.0037816) (0.0037790) (0.0042947) (0.0042885)
Family worker no work or 0.0213651* 0.0213744* 0.0160107 0.0160289

other
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Dependent variable: LOG PCE
OLS, All IV; All OLS; Only rural 1V; Only rural
(0.0117266) (0.0117068) (0.0150408) (0.0150095)
Observations 839918 839918 518724 518724
F-test 1 stage 46.41*** 51.85%**
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Province*Year Interaction Yes Yes Yes Yes

Robust standard errors in parenthesis

In the 1V-regressions historical values from PODES2003 as an instrument. In education the reference
category is no education, in industry the reference category is agriculture and in work type the reference
category is self employed.

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

Table C.8. The impact of smallholder production on LOG PCE, Indonesia as a whole. OLS
and IV estimates.

Dependent variable LOG PCE
OLS, All V; All OLS; Only IV; Only rural
rural
Smallholder production -0.0000005 -0.0000009* -0.0000003 -0.0000006
(0.0000004) (0.0000005) (0.0000003) (0.0000004)
Rural -0.0056234 -0.0054932
(0.0139874) (0.0139694)
HHsize -0.1248942***  -0,1248928***  -0.1244773***  -0.1244757***
(0.0009753) (0.0009737) (0.0011794) (0.0011774)
Female head -0.0294821***  -0.0294915***  -0.0573323***  -0.0573275***
(0.0040102) (0.0040031) (0.0033047) (0.0032990)
Age 0.0173648***  0.0173688***  0.0172097***  0.0172136***
(0.0004896) (0.0004894) (0.0004796) (0.0004795)
Age squared -0.0001347***  -0.0001347***  -0.0001403***  -0.0001404***
(0.0000047) (0.0000047) (0.0000047) (0.0000047)
Primary 0.1298847***  (0.1298748***  (0.1014491***  0.1014457***
(0.0041802) (0.0041726) (0.0039567) (0.0039479)
Junior high 0.2314791***  0.2314719***  (0.1833819***  (0.1834027***
(0.0058274) (0.0058167) (0.0055371) (0.0055256)
Senior high 0.3746523***  0.3746449***  (0.2912499***  0.2912660***
(0.0074352) (0.0074206) (0.0064872) (0.0064753)
University 0.7145830***  0.7145490***  (0.5221821***  0.5222146***
(0.0176366) (0.0176056) (0.0101132) (0.0100966)
Mining 0.1229404***  0.1229682***  0.1067866***  0.1067790***
(0.0156283) (0.0155937) (0.0113399) (0.0113123)
Manufacturing 0.0721297***  0.0722138***  0.0778320***  0.0777704***
(0.0062822) (0.0062652) (0.0052543) (0.0052488)
Electricity 0.1937820***  0.1940357***  (0.1928441***  (0.1929225***
(0.0134872) (0.0134550) (0.0254591) (0.0254150)
Construction 0.0150650***  0.0151985***  0.0486913***  0.0487113***
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Dependent variable LOG PCE
OLS, All V; All OLS; Only IV; Only rural
rural
(0.0051553) (0.0051269) (0.0051830) (0.0051718)
Wholesale 0.1562608***  0.1563739***  (0.1854302***  (0.1854419***
(0.0050944) (0.0050799) (0.0048743) (0.0048621)
Transportation 0.0707209***  0.0708107***  0.1358755***  (0.1358426***
(0.0056909) (0.0056627) (0.0056562) (0.0056470)
Finance 0.2197977***  0.2199346***  0.2072149***  0.2072394***
(0.0088498) (0.0088255) (0.0172493) (0.0172153)
Public service 0.1012496***  0.1013620***  0.1558607***  0.1558328***
(0.0062413) (0.0062228) (0.0059958) (0.0059842)
No work or other 0.0640915***  0.0641570***  0.0320346** 0.0319911**
(0.0122787) (0.0122473) (0.0150037) (0.0149653)
Employer 0.2391808***  0.2391929***  0.1747631***  0.1748168***
(0.0093235) (0.0093070) (0.0058666) (0.0058550)
Employee 0.0290267***  0.0290266***  0.0400275***  0.0400614***
(0.0040249) (0.0040186) (0.0052167) (0.0052040)
Casual worker -0.0533724***  -0.0534362***  -0.0474479***  -0.0475245***
(0.0037786) (0.0037746) (0.0042902) (0.0042837)
Family worker no work or 0.0213652* 0.0213887* 0.0160051 0.0160488
other
(0.0117218) (0.0116960) (0.0150368) (0.0149963)
Observations 839918 839918 518724 518724
F-test 1* stage 44,7 79*** 49.97***
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Province*Year Interaction Yes Yes Yes Yes

Robust standard errors in parenthesis
In the 1VV-regressions historical values from PODES2003 as an instrument. In education the reference
category is no education, in industry the reference category is agriculture and in work type the reference

category is self employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.9. The impact of smallholder area on log PCE in Sumatra and Kalimantan. OLS
and IV estimates.

Dependent variable LOG PCE
OLS; IV; PODES IV; FOREST
Smallholder area -0.0000010 -0.0000016 -0.0000045*
(0.0000009) (0.0000011) (0.0000025)
Observations 323114 323114 317720
F-test 1% t stage 46.34*** 9.59%**
Household controls Yes Yes Yes
District fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Province*Year Interaction Yes Yes Yes

Robust standard errors in parenthesis

Household controls include urban/rural, household size, the gender, age, education, industry category and
work type of the household head. In education the reference category is no education, in industry the
reference category is agriculture and in work type the reference category is self employed.

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

Table C.10. The impact of smallholder area on LOG PCE in Sumatra and Kalimantan. OLS and IV
estimates, only rural households.

Dependent variable LOG PCE
OLS; Only Rural IV; PODES; Only IV; FOREST ;Only
rural rural
Smallholder area -0.0000009 -0.0000015 -0.0000119*
(0.0000009) (0.0000010) (0.0000065)
Observations 214312 214312 212216
F-test 1% stage 51.72*** 4,18**
Household controls Yes Yes Yes
District fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Province*Year Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Household controls include household size, the gender, age, education, industry category and work type of the
household head. In education the reference category is no education, in industry the reference category is
agriculture and in work type the reference category is self employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.11. The impact of smallholder production on LOG PCE in Sumatra and Kalimantan, OLS
and IV estimates, all households.

Dependent variable LOG PCE
OLS IV; PODES IV; FOREST
Smallholder production -0.0000004 -0.0000009* -0.0000024*
(0.0000004) (0.0000005) (0.0000014)
Observations 323114 323114 317720
F -test 1% stage 44.93*** 7.0%**
Household controls Yes Yes Yes
District fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Province*Year Interaction Yes Yes Yes

Robust standard errors in parenthesis

Household controls include urban/rural, household size, the gender, age, education, industry category and
work type of the household head. In education the reference category is no education, in industry the
reference category is agriculture and in work type the reference category is self employed.

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

Table C.12. The impact of smallholder production on LOG PCE in Sumatra and
Kalimantan, OLS and IV estimates, only rural households.

Dependent variable LOG PCE

OLS; Only Rural IV; PODES, Only IV; Forest, Only Rural

Rural

Smallholder -0.0000002 -0.0000006 -0.0000032
production

(0.0000003) (0.0000004) (0.0000024)
Observations 214312 214312 212216
F-test 1% stage 50.18*** 3.54*
Household controls Yes Yes Yes
District fixed effects Yes Yes Yes
Year fixed effects
Province*Year Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Household controls include household size, the gender, age, education, industry category and work type of the
household head. In education the reference category is no education, in industry the reference category is
agriculture and in work type the reference category is self employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.13. The impact of smallholder area on asthma. OLS and IV estimates, Indonesia as

a whole.
Dependent variable Asthma
OLS, All IV; PODES, All OLS; Only Rural  IV; PODES, Only
Rural
Smallholder area -0.000000077 -0.000000098 -0.000000121 -0.000000217
(0.000000057) (0.000000152) (0.000000080) (0.000000258)
Rural 0.001756534***  0.001758080***
(0.000528876) (0.000528163)
Female -0.004886622***  -0.004886811*** -0.006230871*** -0.006232467***
(0.000409749) (0.000409108) (0.000563123) (0.000562278)
Age -0.001027870***  -0.001027884***  -0.001055035***  -0.001054923***
(0.000076052) (0.000075927) (0.000098749) (0.000098563)
Age squared 0.000027847***  0.000027847***  (0.000030525***  0.000030524***
(0.000001173) (0.000001171) (0.000001467) (0.000001465)
Primary -0.008753253***  -0.008753871*** -0.006650451***  -0.006655219***
(0.001353090) (0.001350815) (0.001469867) (0.001467378)
Junior high -0.010575081***  -0.010575923***  -0.007730931*** -0.007736118***
(0.001371681) (0.001369345) (0.001512481) (0.001509884)
Senior high -0.011492281***  -0.011492888*** -0.008667908***  -0.008670951***
(0.001394463) (0.001392107) (0.001546539) (0.001543837)
University -0.011539996***  -0.011541187*** -0.009684137***  -0.009692914***
(0.001480986) (0.001478346) (0.001864071) (0.001861057)
Mining -0.002847722 -0.002847228 -0.005091228* -0.005094420*
(0.002402432) (0.002398542) (0.002860485) (0.002854893)
Manufacturing 0.004351963***  (0.004353298***  (0.004199438***  (0.004203149***
(0.000809709) (0.000809120) (0.001118752) (0.001117170)
Electricity -0.003046438 -0.003045983 -0.003698976 -0.003683301
(0.003022995) (0.003017566) (0.005612277) (0.005601227)
Construction 0.000784609 0.000784983 -0.001133953 -0.001133954
(0.000960388) (0.000959134) (0.001381070) (0.001378491)
Wholesale 0.002868798***  (0.002868842***  (0.002658418***  0.002658247***
(0.000670605) (0.000669570) (0.000911374) (0.000909760)
Transportation 0.001736797* 0.001737330* 0.000704264 0.000703941
(0.000903877) (0.000902696) (0.001255757) (0.001253127)
Finance 0.003192720** 0.003191868** 0.002144800 0.002149169
(0.001364593) (0.001362320) (0.003305702) (0.003300029)
Public service 0.001440625** 0.001440003** 0.000433264 0.000430157
(0.000702872) (0.000701589) (0.001051375) (0.001049259)
No work or other 0.009421569***  (0.009421652***  (0.011037300***  0.011037199***
(0.000658996) (0.000657995) (0.000803264) (0.000801673)
Own toilet -0.005040103***  -0.005038785***  -0.005472076***  -0.005463953***
(0.000409088) (0.000407477) (0.000558241) (0.000555656)
Tap water -0.000560063 -0.000559010 -0.000596983 -0.000591168
(0.000533309) (0.000532272) (0.000876993) (0.000874634)
Own house -0.002582503***  -0.002582799***  -0.003026005***  -0.003028220***
(0.000439880) (0.000439262) (0.000748691) (0.000747810)
Observations 825670 825670 503484 503484
F-test 1% stage 49.01%** 53.80***
District fixed effects  Yes Yes Yes Yes
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Dependent variable Asthma
OLS, All IV; PODES, All OLS; Only Rural  1V; PODES, Only
Rural
Year fixed effects Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems. In the
IV regressions historical values from PODES as an instrument. In education the reference category is no
education, in industry the reference category is agriculture and in work type the reference category is self
employed.

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

Table C.14. The impact of smallholder production on asthma, OLS and IV estimates,
Indonesia as a whole.

Dependent variable Asthma
OLS, All IV; PODES, All  OLS; Only Rural  IV; PODES,
Only Rural
Smallholder production -0.000000009 -0.000000027 -0.000000017 -0.000000062
(0.000000023) (0.000000067) (0.000000029) (0.000000106)
Household controls Yes Yes Yes Yes
Individual controls Yes Yes Yes Yes
Observations 825670 825670 503484 503484
F -test 1% stage 45.65*** 52.17***
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems. In the
IV regressions historical values from PODES as an instrument. Household controls include rural/urban and
gender of the head and dummy variables indicating whether household has own toilet, tap water and own
house. Individual controls include age, education and industry. In education the reference category is no
education, in industry the reference category is agriculture and in work type the reference category is self
employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.15. The impact of smallholder area on asthma, OLS and IV estimates. Only
Sumatra and Kalimantan.

Dependent variable Asthma
OLS, All IV; PODES, All OLS; Only Rural  1V; PODES,
Only Rural
Smallholder area -0.000000043 -0.000000112 -0.000000090 -0.000000264
(0.000000044) (0.000000121) (0.000000064) (0.000000208)
Observations 1073420 1073420 700250 700250
F-test 1* stage 48.85*** 53.93***
Household controls Yes Yes Yes Yes
Individual controls Yes Yes Yes Yes
District fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems. In the
IV regressions historical values from PODES as an instrument. Household controls include rural/urban and
gender of the head and dummy variables indicating whether household has own toilet, tap water and own
house. Individual controls include age, education and industry. In education the reference category is no
education, in industry the reference category is agriculture.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.16. The impact of smallholder production on asthma, OLS and IV estimates. Only
Sumatra and Kalimantan.

Dependent Asthma
variable

OLS, All IV; PODES, All OLS; Only Rural  IV; PODES, Only

Rural

Smallholder -0.000000010 -0.000000050 -0.000000025 -0.000000101
production

(0.000000019) (0.000000060) (0.000000028) (0.000000096)
Observations 1073420 1073420 700250 700250
F-test 1% stage 45,89*** 52.23***
Household Yes Yes Yes Yes
controls
Individual Yes Yes Yes Yes
controls
District fixed Yes Yes Yes Yes
effects
Year fixed Yes Yes Yes Yes
effects
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems. In the
IV regressions historical values from PODES as an instrument. Household controls include rural/urban and
gender of the head and dummy variables indicating whether household has own toilet, tap water and own
house. Individual controls include age, education and industry. In education the reference category is no
education, in industry the reference category is agriculture and in work type the reference category is self
employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.17. Robustness check with rainfall. The impact of smallholder production on log
household per capita expenditure, OLS and IV estimate, Indonesia as a whole.

Dependent variable LOG PCE
OLS 1V, Podes
Smallholder production -0.0000005 -0.0000009*
(0.0000004) (0.0000005)
Rainfall -0.0085450** -0.0085066**
(0.0038878) (0.0038898)
Observations 837170 837170
F-test 1% stage 44.67***
Household controls Yes Yes
District fixed effects Yes Yes
Year fixed effects Yes Yes
Province*Year Interaction Yes Yes

Robust standard errors in parenthesis

Lagged values of deviation of annual rainfall from its historical mean included as an additional control.
Household controls include household size, the gender, age, education, industry category and work type of the
household head. In education the reference category is no education, in industry the reference category is
agriculture and in work type the reference category is self employed.

* p<0.1, ** p<0.05, *** p<0.01
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smallholder production on log PCE, IV estimates, only Sumatra and Kalimantan.

Dependent LOG PCE
variable
AREA, IV; AREA, IV; PRODUCTION, PRODUCTION,
PODES Forest I\V; PODES IV; Forest
Smallholder area  -0.0000016 -0.0000044*
(0.0000012) (0.0000023)
Smallholder -0.0000008 -0.0000023*
production
(0.0000005) (0.0000013)
Rainfall -0.0124548 -0.0143570* -0.0113173 -0.0113943
(0.0080980) (0.0086547) (0.0082314) (0.0089083)
Observations 323114 317720 323114 317720
F-test 1% stage 50.58*** 9.65*** 44,93*** 7.04***
Household Yes Yes Yes Yes
controls
District Fixed Yes Yes Yes Yes
Effects
Year Fixed Yes Yes Yes Yes
Effects
Province *Year Yes Yes Yes Yes

Interaction

Robust standard errors in parenthesis

Lagged values of deviation of annual rainfall from its historical mean included as an additional control.
Household controls include household size, the gender, age, education, industry category and work type of the
household head. In education the reference category is no education, in industry the reference category is

agriculture and in work type the reference category is self employed.
* p<0.1, ** p<0.05, *** p<0.01
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Table C.19. The impact of total palm oil area on log PCE in selected provinces in

Kalimantan. OLS and IV estimates.

Dependent LOG PCE
variable
OLS; All IV; PODES, All OLS; Only Rural  1V; PODES,
Only Rural
Total oil palm -0.0000081 -0.0000015 -0.0000048 0.0000053
area
(0.0000060) (0.0000215) (0.0000064) (0.0000204)
Rural -0.1532083*** -0.1533002***
(0.0383034) (0.0376476)
HHsize -0.1292383*** -0.1292000*** -0.1306497*** -0.1305553***
(0.0036003) (0.0035581) (0.0045508) (0.0045608)
Female head -0.0492159*** -0.0490491*** -0.0805764*** -0.0804585***
(0.0119970) (0.0116397) (0.0116686) (0.0115545)
Age 0.0172670*** 0.0172536*** 0.0168387*** 0.0168308***
(0.0022441) (0.0022083) (0.0024168) (0.0023800)
Age squared -0.0001359*** -0.0001358*** -0.0001448*** -0.0001448***
(0.0000213) (0.0000209) (0.0000211) (0.0000208)
Primary 0.1064695*** 0.1063708*** 0.0865836*** 0.0863817***
(0.0173626) (0.0171565) (0.0169618) (0.0167169)
Junior high 0.1990454*** 0.1988897*** 0.1528461*** 0.1522497***
(0.0230067) (0.0227716) (0.0205168) (0.0201350)
Senior high 0.3504356*** 0.3505598*** 0.2707878*** 0.2708126***
(0.0324450) (0.0317237) (0.0282032) (0.0275539)
University 0.6369796*** 0.6366828*** 0.4514402*** 0.4498097***
(0.0459421) (0.0456967) (0.0410451) (0.0395059)
Mining 0.1325434*** 0.1322394*** 0.0726715 0.0737862
(0.0479453) (0.0473095) (0.0469530) (0.0461782)
Manufacturing 0.0757893** 0.0755635** 0.0359641 0.0365038*
(0.0349942) (0.0343292) (0.0218740) (0.0214547)
Electricity 0.1704404*** 0.1694042*** 0.1472547 0.1454658
(0.0510389) (0.0500760) (0.1146475) (0.1109908)
Construction -0.0497427** -0.0503331** 0.0027179 0.0035183
(0.0221623) (0.0216566) (0.0226954) (0.0215900)
Wholesale 0.1895762*** 0.1887812*** 0.2277927*** 0.2273067***
(0.0211072) (0.0203628) (0.0204843) (0.0202635)
Transportation 0.0224078 0.0218556 0.0816987** 0.0829037**
(0.0305636) (0.0293906) (0.0376675) (0.0377358)
Finance 0.2197376*** 0.2187426*** 0.1014548 0.1047451
(0.0524008) (0.0528579) (0.0734243) (0.0757542)
Public service 0.0797096*** 0.0791599*** 0.0917124*** 0.0930355***
(0.0248497) (0.0242071) (0.0297234) (0.0286864)
No work or other  -0.0392218 -0.0396752 -0.0782925 -0.0775087
(0.0671887) (0.0670383) (0.0856610) (0.0856091)
Employer 0.2702395*** 0.2706344*** 0.2058356*** 0.2047722%**
(0.0216875) (0.0212777) (0.0274434) (0.0270414)
Employee 0.0628784*** 0.0630666*** 0.1197775*** 0.1192262***
(0.0199656) (0.0199551) (0.0244730) (0.0240669)
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Dependent LOG PCE
variable
OLS; All IV; PODES, All OLS; Only Rural  1V; PODES,
Only Rural
Casual worker -0.0385402 -0.0385867 -0.0096343 -0.0100053
(0.0240679) (0.0235939) (0.0244982) (0.0239983)
Family worker no  0.1047354 0.1045631 0.1444057 0.1438388*
work or other
(0.0732878) (0.0724841) (0.0865976) (0.0860851)
Observations 32726 32726 21995 21995
F-test 1% stage 1.57 0.8
District fixed Yes Yes Yes Yes
effects
Year fixed effects Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

In the IV regressions historical values from PODES2003 as an instrument. In education the reference category
is no education, in industry the reference category is agriculture and in work type the reference category is
self employed.

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

Table C.20. The impact of total palm oil production on log PCE in selected provinces in
Kalimantan. OLS and IV estimates.

Dependent LOG PCE
variable

OLS IV; PODES OLS; Only Rural  1V; PODES;

Only Rural

Total oil palm -0.0000007 -0.0000002 -0.0000006 0.0000000
production

(0.0000009) (0.0000008) (0.0000007) (0.0000006)
Household Yes Yes Yes Yes
controls
Observations 24214 24214 17705 17705
F-test 1% stage 216.59*** 278.44***
District fixed Yes Yes Yes Yes
effects
Year fixed effects  Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Household controls include urban/rural, household size, the gender, age, education, industry category and
work type of the household head. In education the reference category is no education, in industry the
reference category is agriculture and in work type the reference category is self employed.

* p<0.1, ** p<0.05, *** p<0.01
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Table C.21. The impact of total area of palm oil on prevalence of asthma, selected
provinces in Kalimantan. OLS and IV estimates.

Dependent Asthma
variable
OLS; All IV; PODES, All OLS; Only Rural  1V; PODES,
Only Rural
Total oil palm 0.0000002 0.0000009** 0.0000002 0.0000009*
area
(0.0000001) (0.0000004) (0.0000001) (0.0000006)
Rural 0.0072916*** 0.0069361***
(0.0017608) (0.0017639)
Female -0.0026238*** -0.0026307*** -0.0042630*** -0.0042751***
(0.0009576) (0.0009489) (0.0012735) (0.0012572)
Age -0.0011467*** -0.0011497*** -0.0011578*** -0.0011649***
(0.0001547) (0.0001536) (0.0001742) (0.0001730)
Age squared 0.0000311*** 0.0000312*** 0.0000346*** 0.0000347***
(0.0000029) (0.0000029) (0.0000032) (0.0000031)
Primary -0.0168377*** -0.0167954*** -0.0142712*** -0.0142113***
(0.0024001) (0.0023258) (0.0029466) (0.0028642)
Junior high -0.0181877*** -0.0181412*** -0.0147202*** -0.0146326***
(0.0023316) (0.0022614) (0.0029445) (0.0028738)
Senior high -0.0190660*** -0.0191264*** -0.0151601*** -0.0151821***
(0.0024195) (0.0023569) (0.0033315) (0.0032670)
University -0.0213831*** -0.0213923*** -0.0175994*** -0.0177467***
(0.0026339) (0.0025652) (0.0039590) (0.0038572)
Mining 0.0017525 0.0013216 0.0026665 0.0023131
(0.0026232) (0.0025880) (0.0036128) (0.0035934)
Manufacturing 0.0013731 0.0016246 0.0030493 0.0032321
(0.0023732) (0.0023227) (0.0029634) (0.0028879)
Electricity 0.0049986 0.0066078 0.0243424 0.0262043
(0.0091638) (0.0088972) (0.0171438) (0.0159936)
Construction 0.0061621*** 0.0060357*** 0.0041609 0.0040405
(0.0021427) (0.0021738) (0.0034853) (0.0035063)
Wholesale 0.0024573 0.0024569 0.0015648 0.0015194
(0.0015254) (0.0015386) (0.0023630) (0.0023620)
Transportation 0.0000881 0.0003577 -0.0023664 -0.0019981
(0.0030036) (0.0030611) (0.0045174) (0.0046342)
Finance 0.0005726 0.0004991 0.0032658 0.0032551
(0.0034282) (0.0032635) (0.0085039) (0.0078497)
Public service 0.0020097 0.0021296 0.0023218 0.0023197
(0.0015785) (0.0015824) (0.0027438) (0.0026824)
No work or other  0.0081088*** 0.0080705*** 0.0111497*** 0.0110571***
(0.0016311) (0.0015929) (0.0021266) (0.0020960)
Own toilet -0.0056535*** -0.0055205*** -0.0068390*** -0.0067309***
(0.0010615) (0.0010287) (0.0012466) (0.0012037)
Tap water 0.0002756 0.0000685 0.0002765 0.0002656
(0.0014634) (0.0014921) (0.0022456) (0.0021841)
Own house -0.0019994** -0.0020678** -0.0012588 -0.0014482
(0.0008805) (0.0008755) (0.0014263) (0.0013808)
Observations 181070 181070 119475 119475
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Dependent Asthma
variable

OLS; All IV; PODES, All OLS; Only Rural  1V; PODES,

Only Rural

F test 1% stage 13.13*** 6.17**
District fixed Yes Yes Yes Yes
effects
Year fixed effects  Yes Yes Yes Yes
Province*Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems
(Asthma).In the IV regressions historical values from PODES as an instrument. In education the reference
category is no education, in industry the reference category is agriculture and in work type the reference
category is self employed

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

Table C.22. The impact of total palm oil production on the prevalence of asthma, selected
provinces in Kalimantan. OLS and IV estimates.

Dependent Asthma
variable
OLS IV; PODES OLS; Only Rural  1V; PODES; Only
Rural
Total production 0.000000068* 0.000000143***  0.000000076 0.000000125**
(0.000000035) (0.000000045) (0.000000046) (0.000000051)
Household Yes Yes Yes Yes
controls
Individual Yes Yes Yes Yes
controls
Observations 129358 129358 93438 93438
F -test 1% stage 413.32%** 507.7***
District fixed Yes Yes Yes Yes
effects
Year fixed Yes Yes Yes Yes
effects
Province Year Yes Yes Yes Yes
Interaction

Robust standard errors in parenthesis

Dependent variable: dummy variable indicating whether individual suffered from breathing problems.
Household controls include rural/urban and gender of the head and dummy variables indicating whether
household has own toilet, tap water and own house. Individual controls include age, education and industry.
In education the reference category is no education, in industry the reference category is agriculture and in
work type the reference category is self employed

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



	Coversheet
	Korkeala, Outi



