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1. Introduction

Pollution has become an increasing concern for politicians and scientists due to its

global health effects and the global warming it creates. For economists, the interest in

pollution lies in measuring negative health effects, and in properly costing pollution regulations.

In order for governments to achieve efficient pollution regulation, they must pursue regulation

which successfully limits harmful pollutants, while also limiting the financial burden these

regulations place on producers and consumers. This concern is especially relevant for

developing countries, where economic growth is often placed ahead of environmental concerns.

However, evidence suggests that as countries develop, their demand for clean air and water

only increases, and sooner or later the developing world will have to address the issues created

by unsafe environmental practices (Grossman and Krueger, 1995).

Although economists have sought to analyze the effect of pollution regulation on

various health and labor outcomes, it is particularly difficult to disentangle a policy’s indirect

labor effect from its direct labor effect. For instance, a law regulating factory emissions might

cause factories to lower production, fire workers, or shift to new products. Although a

measurable pollution shift would occur, there would be endogenous variation in labor supply

not caused by the change in pollution levels. This shortcoming requires exogenous variation in

pollution to overcome, which Hanna and Olivia (2011) accomplish with the closure of a single

large oil refinery and use of an instrumental variable. They found that the closure of an oil

refinery in Mexico City increased the labor supply of the surrounding population. More

specifically, the authors found that those workers living within 5 kilometers of the plant
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experienced a 5% increase in weekly hours worked, while unemployment levels were

unaffected1.

There exists a solid conceptual and empirical body of literature surrounding pollution

levels and short-term labor market outcomes. Although the specific theoretical model we will

use comes from Hanna and Oliva (2011), other studies have linked pollution to labor

productivity (Graff Zivin 2011)2, as well as school sick days (Currie et al. 2009) and work

absenteeism. Much of this literature comes from countries with robust sources of data, like the

US, but in developed countries air pollution levels are actually much lower than those found in

many industrialized developing countries.

Our paper expands upon previous research by measuring the effect of an exogenous

change in particulate matter on short-term labor supply. Our primary data source is the

Indonesian Family Life Survey rounds of 1993 and 1997. We exploit variation in the timing and

extent of smoke created in Indonesia during the mid-1997 fires that raged throughout Southern

Kalimantan and Sumatra. The smoke from these fires spread further, lingered longer, and even

caused significant increases in particulate matter (PM) in the neighboring countries of

Singapore and Malaysia. The 1997 round of the Indonesian Family Life Survey occurred

contemporaneously with these fires. The combination of employment data, health data, and

an exogenous change in PM levels allows for an in-depth study of the effects of PM on labor

supply, without the endogeneity present in most policy analyses. We contribute to the growing

body of literature on the health effects of pollution through a number of dimensions. Firstly,

1 These unemployment findings were robust to controls for the loss of employment from the plant closure.
2 The Graff Zivin (2011) paper found a positive relationship between seasonal changes in ozone and labor
productivity in rural California, even though pollutant levels there are not high compared with much of
the developing world.



5

we exploit the exogenous variation in PM levels caused by smoke haze to thoroughly explore its

short-term effects. Secondly, we take advantage of the unique depth of the IFLS to examine

previously unreported heterogeneous health effects. Finally, we overcome selective migration

bias by focusing on the short-term and by using individual fixed effects.

The rest of the paper proceeds as follows. Section 2 provides a brief summary of key

pieces of environmental and health economics literature. Section 3 describes our longitudinal

survey and pollution data. Section 4 details our empirical methods, while Section 5 describes

the results. Section 6 describes caveats to the results section. Section 7 discusses the results,

and a conclusion is provided in section 8.

2. Literature Review

High pollution levels have long been suspected to affect human health, specifically

infant mortality rates. Early attempts to use cross-sectional data and multi-country time-series

analysis were not altogether convincing. Perhaps the most important early study to plausibly

explore causal pollution outcomes was Chay & Greenstone (2003). They used county level

information from the US, along with a drastic change in total suspended particles resulting from

the 1981-1982 recession, and found that a decrease in total suspend particulates led to fewer

infant deaths overall. A more recent study by Jayachandran, found that the elevated PM levels

caused by the 1997 Indonesian forest fires led to significantly more “missing children” on the

2000 census3 (Jayachandran 2009). However, not all studies have found conclusive evidence of

this infant mortality effect (see Greenstone & Hanna 2011).

3
The areas with smoke exposure were significantly more likely to report infant deaths, even after controlling for

the direct effects of the fire, the consumption response to the Indonesian financial crisis, and other factors.
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Substantial evidence of the damaging effect of pollution on children’s health and,

specifically, lung development also exists. Gauderman et al. (2004) found that lung

development was significantly reduced by exposure to airborne pollutants, while Currie et al.

(2009) convincingly showed that school absenteeism is highly correlated with increases in

carbon monoxide (CO). Although unable to pin down the pathophysiological mechanism for

their findings, the authors suspected a combination of lung inflammation (especially for

asthmatics) and avoidance behavior at work. Neidell (2004) furthered the link between CO and

asthma attacks by showing that children in California were more likely to be hospitalized for

asthma related illnesses as CO increased, and he made an even stronger attempt to quantify

the avoidance behavior individuals take: there was a statistically significant decrease in hospital

admissions on days when local smog alerts were issued. However, his study is probably not

replicable in many developing countries, as hospital admissions would likely understate the true

effect pollutants have on health.

From a methodological perspective, children are appealing to study because their young

lungs and fast metabolisms make them particularly susceptible to airborne pollutants, and

often we can assume they don’t suffer from selective migration bias. However, another strand

in the literature overcomes these issues and successfully quantifies short and long term adult

health effects. Thurston (2002) found a strong association between exposure to fine

particulate matter (defined as particulate matter with an aerodynamic diameter less than 2.5

µm, henceforth PM2.5), sulfur oxide, and long-term health outcomes such as lung cancer and

cardiopulmonary mortality. In a more causal examination, Chen et al. (2009) used a regression

discontinuity analysis to show how an increase in total suspended particulates lowered life
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expectancy in parts of China, and that the results were driven by adults over 25. PM2.5 is

considered the most dangerous class of particulate matter, because of its small size and ease in

penetrating the lungs. Perhaps less well known is the link between PM2.5 and cardiovascular

disease (CVD), although there is mounting evidence that short and long-term exposure to PM2.5

causes CVD related morbidity and mortality (see Brook et al. 2010 for a summary of existing

evidence). Furthermore, smoke from biomass burnings is composed primarily of these smaller

particulate sizes (Hueglin et al. 1997). Frankenberg et al. (2005) used the IFLS sample group

and the 1997 forest fires to show that older adults experienced a significant health decrease

(including increased risk of mortality) from elevated PM levels, although this effect did not

appear to persist into the long-term.

There is a growing conceptual and empirical body of literature surrounding pollution

levels and short-term labor market outcomes. Hanna and Oliva (2011) used the closure of a

plant in Mexico City as a natural experiment. They convincingly showed that the decrease in

SO2 levels increased labor supply, as measured by hours worked, and that this effect persisted

even after running a restrictive IV analysis with wind patterns. Furthermore, the authors found

suggestive evidence of heterogeneous effects for families with young children, and older

workers, but were unable to find conclusive results due to sample size constraints. Our labor

supply model comes directly from their work, which included a theoretical foundation for how

an individual would react to changes in air quality by altering their labor supplied. Recent work

by Graff Zivin (2011), went one step further by showing how even moderate changes in ozone

levels had a significant effect on labor productivity. However, his study used a highly specific

sample of California agricultural workers paid with piece rate contracts, and therefore is



8

unrepeatable in our setting. Much of this literature comes from studies in the US, where the

data is stronger, but the key pollution levels are actually much lower than those found in many

industrialized developing countries.

This paper expands upon the aforementioned authors’ work by focusing on exogenous

change in particulate matter levels to isolate its effect on labor supply. We also explore how a

change in PM levels can differentially affect urban and rural residents, males and females, and

those with different employment structures. Finally, we employ a robust difference-in-

difference specification with fixed effects, and remove selective migration bias by focusing on

short-term labor supply.

3. Data and the 1997 Forest Fires

Our labor and health data comes from the Indonesian Family Life Survey (henceforth

IFLS). The IFLS is one of the few longitudinal surveys in the developing world, and the depth of

the survey, which includes detailed questions on employment and health, is crucial for our

analysis. Our paper uses data from waves I and II of the survey. The IFLS sample consists of 321

randomly selected enumeration areas within 13 provinces, spread across the major islands of

Indonesia, and is representative of 83% of Indonesia’s population (Frankenberg & Thomas

2000). Within the enumeration areas, households were randomly selected for interviews, and

in total 7,224 household interviews were obtained. The resulting geographic variation, as well

as the oversampling of urban areas and smaller provinces, allows for an in-depth analysis across

urban/rural, ethnic, and socioeconomic characteristics.

After households were selected, extensive individual interviews were administered to

the household head and spouse, with additional interviews given to two randomly selected
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children (interviewed by proxy), two adults over 50, and for some households an additional two

adults aged 15-49. Individual interviews were highly comprehensive, and include questions on

health, education, employment, assets, consumption, household decision-making, fertility, and

marriage. The employment questionnaire includes complete employment history, current

information including wages, business profits, and hours worked, as well as farm income. The

health questionnaire included difficulty in performing various daily activities, self-identified

health status questions, and smoking habits.

For IFLS2 in 1997, 94% of all IFLS1 households were relocated and re-interviewed

(Frankenberg & Thomas, 2000). 90.7% of those households had not changed location, although

of the 7,224 IFLS1 households, only 6,820 households were ‘original households;’ due to

divorce or composition changes, 878 ‘split-off households’ were also identified and interviewed.

The individual surveys were re-administered for 91% of target individuals, i.e. individuals that

had taken the individual level survey in 1993. The location tracking and high re-interview rates

are key determinants of the quality of this longitudinal survey, as they reduce the bias from

nonrandom attrition. The location data of the enumeration area centers, as well as the

community facilities were taken using GPS devices. Although this information was not obtained

at the writing of this paper, it may be used in future research. As an alternative to GPS location

data, we constructed sub-district location data using Yahoo!’s Placefinder geocoding application.

The 1998 BPS-Indonesia sub-district codes used to describe household locations in IFLS1 and

IFLS2 were matched with sub-district names using supplementary data provided by Olken

(2009). The names were then matched with latitude/longitude coordinates using Google Earth

and Yahoo! Placefinder map data. This locational data provides the link to NASA’s TOMS
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satellite data, which measured aerosol particle levels for all the locations where fires occurred,

and was also recorded by latitude and longitude designations. Table 1 provides summary

statistics of our IFLS sample.

NASA’s Earth Probe Total Ozone Mapping Spectrometer (EP/TOMS) began collecting

data in 1996, although it is a continuation of previous data collection using the NIMBUS-7 and

METEOR-3 satellites (McPeters et al., 1998). TOMS uses a “near-UV method of aerosol

characterization,” which has been shown to be comparable with ground based measurements

(see Torres et al., 2001 for detailed discussion of this instrument and its comparability with

ground based monitors). TOMS aerosol measurements have several advantages to versus

ground based stations. The satellite instruments can track particle movements across

continents and landmasses, as well as biomass burnings and forest fires, which are both

potentially large sources of local air pollution. The TOMS data also allows for the only possible

full analysis of the smoke haze produced by the 1997 forest fires, since Indonesia has relatively

few ground based monitoring stations (Frankenberg et al. 2005). The TOMS data was available
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as daily and monthly averages, and was matched to the IFLS survey during the reference week

for hours worked. Although our pollution variation by sub-district was somewhat limited,

additional temporal variation was created by the precise timing of the individual interviews.

Figure 1 plots the location and intensity of the smoke haze blanketing Indonesia over various

dates in September and October.
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The interviews of interest are those that took place from September to November 1997,

before the monsoon rains doused the fires in mid-November. However, 1997 was also the year

Indonesia entered the East Asian Financial crisis, and so we must be sure our labor supply

analysis is not contaminated by demand effects created by the crisis and recession. Although

our study takes place during a period of currency depreciation for Indonesia’s rupiah, the

country’s financial crisis had not yet begun. We miss the period in late 1997 when the country’s

banking sector collapsed, and also completely miss the 1998 recession and steep increase in

unemployment. See Radelet & Sachs (1998) for a broad overview of the East Asian financial

crisis, and Hossain (2006) for a closer examination of Indonesia’s role in the crisis and a timeline

of key events from 1997 to 1998. See Figure 2 for a timeline of the Indonesian financial crisis in

terms of inflation.

Figure 2: The Timing of the Fires and the Financial Crisis

Source: Jayachandran 2009
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The graph makes clear that consumer price index during the fire months was well within

historical norms, and that it was not until 1998 that the country began to face a serious real

sector collapse and recession.

4. Methodology

Following Frankenberg et al. (2005), our primary estimator is a difference-in-difference

estimator with individual fixed effects. The standard OLS estimator is unsuitable for our current

analysis, because it assumes that those who experienced haze in 1997 are similar to those who

did not. Our diff-in-diff estimator allows for variation in these two groups prior to 1997, and

once we add fixed effects, for individuals as well. Although the previous authors’ primary

variables of interest were a battery of health measures, the strategy is well suited to explore

labor supply outcomes as well. The simple difference-in-difference equation is shown below:

(1) Yit=β0+ β1(Treatment)t+ β2Tt+ β3(Treatment)(T)t+uit

Where Yit is total hours worked during the previous week, Tt is a year dummy variable taking a

value of 1 in 1997, Treatment is a dummy variable taking a value of 1 for individuals assigned to

the treatment group, and Treatment*T is an interaction term. The “treatment group” will be all

individuals who experienced a weekly mean TOMS aerosol index reading greater than or equal

to 0.5 during their reference week. According to Jayachandran, the mean TOMS aerosol index

value over Indonesia during the months of the fires was 0.58, while it was just 0.05 over those

same months the year before (Jayachandran 2009). For our primary specification we chose to

remove individuals from the island of Java from the sample. It is well documented that because

of Java’s distance to the south, and fortunate wind patterns, it was unaffected by the smoke
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haze in 1997. Furthermore, as Indonesia’s most populous island, it’s possible that Javanese

differ from the rest of the population along other unobserved dimensions. Although removed

from our primary results, the results for equations 1 and 2 with Java included are shown in

Appendix Table 2, and do not greatly differ from those in Table 2. In this initial equation the

coefficients on β1 is the difference between the treatment and control groups in 1993, β2

represents the time trend, and the coefficient of interest is β3, as this represents the treatment

effect on individuals in 1997. uit is the set of individual unobservable error terms.

However, since we have panel data, we are able to go one step further to eliminate

unobserved and observed individual differences by adding individual fixed effects and controls:

(2) Yit=β0+ β1Xit+ β2(Treatment)t+ β3Tt+ β4(Treatment)(T)t+uit

Yit, Treatment, T, and Treatment*T are the same as reported above, but we have added

individual characteristics (Xit) such as age, a short-term health measure, a long-term health

measure, and marriage status4.  Since we are controlling for fixed effects, β2 will drop from the

equation, and β4 will capture our “treatment effect”. We also allow for the effect of age to

adjust over time by adding a quadratic term to the equation.

Our sample consists of urban and rural individuals, but for rural respondents, the month

in which they were interviewed in 1993 and 1997 could play a role in determining their weekly

hours worked. For instance, perhaps November is a less intensive month for farm work than

September, and our initial specification cannot capture these changes. Therefore, we test the

4
We originally intended to include education level as a control as well. However, there was some measurement

error in the sample, and because the IFLS individual data consists of working individuals over the age of 15, very
few observations showed any change in education between 1993 and 1997. Therefore, we assume that education
level is absorbed in fixed effects, and the results with education included are not shown.
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robustness of the initial specification by adding monthly control dummies, and use the new

specification:

(3) Yit=β0+ β1Xit+ β2(Treatment)t+ β3Tt+ β4(Treatment)(T)t+ β5Augt+ β6Septt+β7Septt+ β8Octt+

β9Novt +uit

The month dummies will be compared against the baseline category of January. This

specification will control for any observed changes in monthly behavior, which could be critical

for correctly quantifying the rural labor supply effect of elevated particulate matter.

The IFLS is a rich dataset that surveys individuals from a broad spectrum of backgrounds

and locations, and we take advantage of the depth of this sample by exploring heterogeneous

labor supply outcomes on a variety of levels. The heterogeneous effects we explore are the

differences between urban and rural individuals, males and females (with additional splitting by

the presence of household dependents), a non-linear convexity assumption about the effect of

PM levels using wood fuel use, and employment type i.e. self-employed or private sector

worker. These heterogeneous effects equations all have a basis in theory or economic intuition,

and our reasoning for choosing them is outlined below. The urban/rural divide could capture a

number of key population differences not directly observed in the data. We might expect

leisure activities to be more outdoor-oriented in rural areas, and close personal relationships

could make it more difficult to take time off from work, even with the presence of haze.

Therefore we run separate regressions of the diff-in-diff estimator for these populations and

examine the new treatment effects. We also run separate regressions for male and female

employed individuals. There may be differential treatment effects for these populations as well.
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During heightened periods of haze even working women may face societal or local pressure to

take care of ailing young or elderly present in the household. Therefore they may face an even

greater labor supply effect than their male counterparts. Finally, we examine the

heterogeneous effect of the type of employment on labor supply. For instance, salaried

workers probably face the smallest opportunity cost of missing work during haze periods. On

the other hand, those who own their own business may continue to work despite intense haze.

To examine this possible differential response, we run separate regressions by employment

type to capture this heterogeneous treatment effect.

5. Results

Our first specification tested whether a simple diff-in-diff specification produced a

statistically significant labor supply outcome. This outcome would suggest that the elevated

PM levels in Indonesia were correlated with a decrease in labor supply as measured by weekly

hours worked. We assigned all those who experienced a weekly mean smoke haze level over

0.5 on the TOMS aerosol index as the treatment group, and the control group consisted of all

those who did not5. These results are reported in Table 2 column 1. Although lacking controls,

the coefficient on our treatment effect in this initial regression is statistically significant at the 1%

level, with a magnitude of 2.91. These tentative results are encouraging, and suggest that for

individuals living in areas with elevated particulate matter, hours worked during the reference

week decreased by almost three hours. However, we have still not isolated the mechanisms

5
We tested for alternate specifications of the TOMS treatment group, including those experiencing at least one

day of smoke haze over 0.75 during the reference week, those experiencing at least one day of smoke haze over
1.5, and those experiencing median smoke haze levels over 0.5. These results are shown in data appendix Table 1
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through which this treatment effect is occurring, nor have we controlled for the observed and

unobserved individual characteristics of our sample.

For our next approach, we took advantage of the panel nature of the data by controlling

for individual fixed effects. This approach should eliminate unobservable individual

characteristics, and increase the robustness of our findings. These results are shown in Table 2

column two. Our treatment effect variable increases in magnitude and statistical significance,

suggesting that the elevated particulate matter may have casually affected our individual’s

weekly hours worked. The new coefficient on the treatment effect is statistically significant at

the 1% level, and suggests that individuals exposed to smoke haze decreased their weekly

hours worked by almost four hours. Next, we added controls for age, an age quadratic term,

marriage status, a short term health measure, and a long term “illness” measure, which is

shown in the third column of table 2. Once again the coefficient on the treatment effect

remains statistically significant at the 1% level, although the magnitude on the coefficient

decreases slightly to 3.27 hours. This is our preferred specification, due to the precision of the

estimated treatment effect, even while using a set of rather restrictive controls. For this third

regression, our findings suggest that those individuals in the treatment group experienced over

a 3 hour decrease in weekly hours worked, even after controlling for observed and unobserved

individual characteristics, and this finding is statistically significant at the 1% level. The mean

weekly hours worked in our sample, averaged over the two survey waves, was 37.21. What we

have essentially found is a slightly less than 9% reduction in the hours worked over a reference

week attributable to elevated PM levels. These findings on the treatment effect coefficient
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have a large potential economic significance, and suggest this effect significantly reduced labor

supply over the reference week.

All of the coefficients with the exception of age and the short term health measure are

statistically insignificant at the 10% significance level but with magnitudes in the direction we

might expect. For our short-term health measure, a survey question on the individual’s general

health was asked. There were four possible responses, ranging from healthy to unhealthy. The

coefficient on our short-term health measure was significant at the 1% level, with a coefficient
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magnitude of 3.04, suggesting (as we would expect) that individuals who self-reported a short-

term health status decrease also lowered their weekly hours worked. The coefficients on age

and age squared suggest that hours worked increase with age up to a turning point (37 years of

age in our sample) and after that decrease. The coefficient on marriage suggests that

individuals who went from unmarried in 1993 to married in 1997 worked more, but is not

statistically significant at the 10% level. The coefficient on serious illness*YR is somewhat

counterintuitive, being positive, but is also not significant at any traditional level.

To ensure the validity of our findings across other determinations of the ‘treatment

group,’ we generated an alternative measure for treatment vs. control status, such as at least

one day of TOMS aerosol index daily average over 1.5. These results are shown in Appendix

Table 1. Although the magnitudes vary somewhat over the specifications, our findings remain

robust across all alternate TOMS measures. The coefficient magnitudes range from 2.14 to 4.64,

and therefore our preferred specification lies somewhere in between these more conservative

and less conservative estimates.

One possible critique of the paper is the lack of monthly controls. Perhaps Indonesian

workers face seasonality effects that might change depending on the month they are

interviewed. Since we have information on interview month in both 1993 and 1997, we test for

this possibility in Table 3. The first column presents results for the diff-in-diff regression with

fixed effects, but without individual controls. We cannot dismiss the possibility that the

monthly dummies are jointly significant, but our treatment effect remains statistically

significant at the 1% level, with a coefficient magnitude of 3.21. Next, in column 2, we add in
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the battery of individual controls from our preferred specification, and find the precision of our

estimate slightly reduced. However, the treatment effect remains robustly significant at the 5%

level, with a coefficient value of 2.71, suggesting a 7% decrease in hours worked over the

reference week.

Therefore, to the extent these seasonality labor supply patterns are occurring, they are not

crowding out our treatment effect. We now proceed to expand upon our initial findings by

exploring a battery of heterogeneous outcomes by splitting our sample.

6. Heterogeneous Treatment Effects
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We first tested for a heterogeneous treatment effect by splitting our sample along the

lines of urban or rural residency. There are reasons to believe these two samples may respond

differently to haze: for instance, perhaps urban residents are better informed about local daily

air quality through air pollution monitoring stations. On the one hand, urban individuals are

hypothesized to have a smaller response to elevated PM levels. The primary reason for that

supposition is that they simply are more likely to work indoors, and have on average less daily

exposure. However, the results could be even stronger for urban residents if they practice

avoidance behavior more regularly as a result of smoke haze advisories. This split-sample

specification is shown in Table 4 columns 1 and 2. The urban sample is tested in column 1 using

our preferred specification, and the rural sample is tested in column 2. For both subsets, our

coefficient on the treatment effect remains similar in magnitude, but for the urban sample the

estimate is no longer statistically significant, perhaps due to the small sample and spatial

differentiation, but also potentially due to the reasons explained above. These results do

suggest our treatment effect on elevated particulate matter levels is primarily driven by the

rural subset of the sample. Perhaps rural workers have some more leeway than their urban

counterparts in their weekly hours worked (thereby essentially practicing more avoidance

behavior during smoke haze periods), or else they experienced an even greater health response.

Although we cannot delve into the precise mechanism for this differential effect, a likely story is

that our stronger treatment coefficient in column 2 is driven by the length of exposure to

elevated PM levels for rural individuals.

Secondly, we tested differential treatment effects for males and females. We

hypothesized that perhaps women were more likely to have an indirect response to elevated
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PM levels. This indirect treatment response could take the form of women taking time off from

work to take care of young children or the elderly during a period of smoke haze. Since we

have data on the entire household roster through the IFLS household survey, we added a

dependency dummy variable for whether a household had a child four years or younger, or an

adult 60 years or older6. The results for our subset of male respondents are shown in column 3,

while column 4 shows the results for females. Although limited by a much reduced sample size,

we find that males experienced a larger treatment effect, with a coefficient magnitude of 4.73,

and this effect is statistically significant at the 1% level. Furthermore, after controlling for

young dependents in columns 5 and 6, we find the largest treatment effect for males without

dependents present in the household (column 6). However, after reducing our sample size to

such a great extent, these results are merely suggestive. They do not provide any evidence of

an indirect treatment effect due to the presence of young dependents in the household, and

strengthen our confidence in the primary specification. Results for the female subset by

dependency are shown in columns 7 and 8, but in either case our treatment effect is

statistically insignificant at traditional levels.

6
We ran the same tests separately for households with young dependents, and households with older dependents,

but the results did not significantly differ from those reported. These results are available upon request.
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Third, we test for differential effects for households using wood stoves for daily cooking.

Using wood for fuel can greatly increase indoor PM exposure, and therefore this specification

will test a non-linear convexity assumption about our pollutant of interest. The first part of the

split-sample will consist of all individuals whose households use wood for fuel, while the vast

majority of the remaining group use kerosene or gas. The results for this specification are

shown in Table 5 columns 1 and column 2. Curiously, for the split-sample with users of wood

burning stoves (column 1), the treatment effect is smaller in magnitude and no longer

significant at the 10% level, while for households using other types of cooking fuel, the effect is

larger and remains statistically significant at the 5% level. We believe these results suggest that

fuel type does not play a non-linear role in determining the extent of exposure to particulate

matter, or that the relation could even be concave in nature. However, our characterization of

indoor PM exposure may be incomplete because our sample consists of working individuals;

perhaps the person most affected by indoor particulate matter from cooking is the caretaker of

the household (such as the mother or grandmother), and these individuals are not included in

our sample. We also divided the sample into urban and rural respondents to retest these

results. For rural residents using non-wood burning cooking fuels, the treatment effect was

exacerbated, while as before we found statistically insignificant results for urban residents

(these results are shown in Appendix Table 3).

Finally, we tested for heterogeneous effects by employment type. Unfortunately the

sample consists overwhelmingly of self-employed respondents, with only small subsets

identifying as private sector workers, government workers, and those working in a family

business. Therefore, the results presented in Table 5 columns 3 and 4 are suggestive at best. In
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column 3, we restricted the sample to only self-employed individuals, while in column 4 we

tested against the remaining individuals in the sample. The results from column 3 show a

strong treatment effect coefficient, which is statistically significant at the 1% level. We expect

these findings to be driven primarily by individuals owning farms, but also perhaps by urban

and rural vendors, who would also have lengthy outdoor exposure. An alternative to the

explanation to the duration of exposure is that self-employed individuals are better equipped

to set their own hours, and therefore may practice avoidance behavior more regularly.

7. Caveats

We have already shown the robustness of our findings to fairly restrictive specifications,

such as our diff-in-diff regression with individual fixed effects, and including the monthly

dummy variables shown in Table 3. However, other factors may be impacting our results. For

one, we have not controlled for sub-district monthly rainfall averages. Changes in rainfall could
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potentially impact our results for rural farm workers by influencing their weekly labor supplied.

There might even be lagged effects with rainfall earlier in the year impacting labor supply in the

interview month. If we obtained data for monthly rainfall averages for 1993 and 1997, then we

could test these impacts directly.

Another possible caveat is the lack of direct controls for fire during the months of

interest. Jayachandran (2009) found that fires played a statistically insignificant role in infant

mortality at the sub-district level, and Frankenberg & Thomas (2005) did not directly test for

fire effects on adult health, perhaps because the IFLS sample did not contain many villages near

fire afflicted areas. Regardless, the direct effect of fires certainly could have played a role in

labor supplied during the reference week. If we obtained satellite data of fire ‘hot spots,’ we

could test for the effect of fires on labor supply using a distance from fire variable, or a dummy

variable assuming a value of 1 if the sub-district contained fire hot spots.

8. Discussion

Determining the health costs of pollutants is important in its own right, but the labor

supply effect is an additional mechanism through which pollution affects the livelihoods of

individuals. Therefore, policy makers should take into account the labor supply effect created

by particulate matter. Although the 1997 forest fires were a rather extreme incident, in the

many developing countries’ cities daily particulate matter levels exceed EPA recommended

thresholds. This article, as well as others by authors who have explored the topic of pollution

and labor outcomes can inform policy makers in a number of ways. Firstly, by exposing the

“costs” imposed on individuals by environmental degradation, we can better understand fair

pollution regulations. Often companies can protest environmental regulations based on their
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well-defined monetary losses, yet early research on labor productivity and labor supply losses

suggest quantifiable monetary losses occur for individuals as a result of lack of environmental

regulation.

Labor outcomes can be influenced by avoidance behavior, or direct health outcomes,

but in either case they present a direct cost to the individual. For Hanna and Oliva (2011), the

primary pollutant was SO2 and a statistically significant labor supply effect was observed. In

Zivin (2011), the primary culprit was ozone levels, and a rather large labor productivity effect

was found despite a restrictive specification. In our paper a statistically significant labor supply

effect was observed due to the heightened PM levels during the 1997 Indonesian forest fires.

Taken together, they should at least inform policy makers to take into consideration the

positive costs of pollution regulation. However, this paper should not be taken as conclusive

evidence of urban dwellers response to particulate matter exposure. Perhaps prolonged

exposure to lower PM levels produces a similar labor supply effect. Furthermore, it is certainly

possible that the combination of PM and other industrial pollutants produces an even stronger

effect, but that is beyond the scope of this paper. We have shown a strong relationship

between the presence of smoke haze and a sharp decrease in labor supply, and future research

should further explore these outcomes in an urban setting.

9. Conclusion

Smoke haze from the 1997 Indonesian forest fires caused a 9% reduction in weekly

labor supplied during the reference week. These results appear to be driven primarily by males,

the self-employed, and rural individuals, which is perhaps related to the length of exposure to

haze. Furthermore, our primary results are robust to a number of TOMS aerosol index cutoffs,
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as well as the inclusion of monthly controls. These tests using restrictive specifications

increased our confidence in the validity of the primary results.

Particulate matter has been shown to produce negative short-term and long-term

health consequences in adults, as well as increase rates of infant mortality. Recent literature

suggests that PM less than 2.5 µm in diameter (PM2.5) poses the greatest threat, and wood

combustion primarily produces particles of this size. We have shown that these particles also

produce a large labor supply effect, and this effect can be considered another dimension

through which this pollutant affects individuals.

The labor supply consequences of haze should be taken into account when developing

appropriate environmental regulations and policies. Sickness and absenteeism both present a

cost to individuals, albeit one often overlooked in developing countries. This paper sheds light

on the short-term impact of haze, and future work is needed to show the effect in the long-

term, as well as in an industrialized urban setting.
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