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Abstract

Assessing development and pollution tradeoffs is challenging as they necessitate
cross-disciplinary methods. Developing countries experience both traditional air pollu-
tion resulting from the use of biomass fuels for cooking and the air pollution resulting
from industry and transport. In this paper, we conceptualize and estimate simultane-
ous exposure to both outdoor and indoor air pollution by adapting the “Total Exposure
Assessment” model from environmental health sciences. We use data collected from
mining villages of Goa, India to document the adverse effects of both ambient pollution
from mining and indoor pollution by use of biomass fuels in the kitchen. As the model
is not analytically tractable we numerically simulate the predictions to estimate the
benefits of reducing the ambient levels of air pollution in these mining clusters and also
benefits from households switching to better cooking technologies. A direct implication
from such an integrated empirical model is that focus on policies that aid households’
switching to clean cooking technology is as crucial for respiratory health in developing
regions as from improved outdoor air quality in polluted mining areas.
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1 Background

Air pollution represents the most significant environmental risk to health with one out of

nine deaths in 2012 was due to air-pollution related conditions (WHO, 2016). Developing

countries experience the worst of both traditional air pollution resulting from the use of

biomass fuels for cooking, and the air pollution resulting from industry and transport. The

annual average concentrations of PM2.5 (particulates smaller than 2.5 microns in diameter)

were estimated to be 85 mg/m3 in Beijing, 122 mg/m3 in Delhi and 156 mg/m3 in Riyadh

which exceed the 2005 updated WHO air quality guidelines for annual average levels of

PM2.5 of 18 mg/m3 (WHO 2005) by leaps and bounds (WHO, 2016). Fourteen Indian cities

feature in the fifteen most polluted cities in the world regarding PM2.5 concentrations in

2018. While it is widely recognized that outdoor air pollution levels in developing countries

often exceed WHO guidelines, India among other developing countries suffers more severely

due to poor indoor air quality arising from biomass cooking fuels.

Exposure to air pollution results in a wide range of acute and chronic health outcomes

ranging from minor physiological changes to death from respiratory and cardiac diseases

(Bascom et al 1996, Dominici 2003, Gauderman et. al. 2007, Gauderman et. al. 2015).

The World Health Organization estimated that ambient air pollution was responsible for

nearly seven million deaths, representing more than 10% of all-cause deaths and more than

doubling previous estimates (WHO 2014). WHO previously reported that in South East

Asia Region “D” alone (largely represented by India) outdoor air pollution is responsible for

132,000 premature deaths, which is 1.1% of total deaths in the region and 1,513,000 DALYs

(0.4% of total DALYs in the region). Accordingly 0.4% of the male burden of disease and

0.3% of the female burden of disease in the South East Asia Region “D” (largely, India) can

be attributed to urban outdoor air pollution. Epidemiological studies (Ezzati et. al. 2002,

Salvi et. al. 2009, Lozano et. al. 2012, Mannucci and Franchini, 2017) have estimated
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that in addition to ambient air quality there is increasing evidence that indoor air pollution

also poses a serious threat to human health, especially in low-income countries that still use

biomass fuels as an energy resource.

Let us now turn our attention to pollution generated inside the household. An estimated

3 billion people cook using polluting open fires or simple stoves fueled by kerosene, biomass

(wood, animal dung and crop waste) and coal (WHO 2016). The concentrations of indoor

air pollution in biomass fuel using households are even higher than the high levels of urban

outdoor air pollution. The typical 24-hour average concentration of PM10 (particulates

smaller than 10 microns in diameter) in homes using biofuels may range from 200 to 5000

mg/m3 or more, depending on the type of stove, fuel and housing (Ezzati and Kammen 2002,

Laumbach and Kipen, 2012). Since the pioneering work of Smith (1988) in epidemiology it

is known that exposure to high levels of indoor air pollutants could cause substantial health

effects in developing countries (Naeher et. al. 2007, Smith 2013). Nevertheless, every year

close to 4 million people die prematurely from illness attributable to household air pollution

from inefficient cooking practices using polluting stoves paired with solid fuels and kerosene

(WHO 2016). Even though health effects of indoor pollution far exceed that from outdoor

pollution in developing countries it has received scant attention in the economics literature

that can contribute to valuation. Pitt, Rosenzweig and Hassan (2005) used micro-data to

examine how household structure affects the distribution of cooking time among women in

rural Bangladeshi households, and the health effects of cooking time, as a proxy for exposure

to indoor pollution. Since Duflo, Greenstone, and Hanna (2008), although the literature is

growing, particularly using randomized trials to study the efficiency of cooking technologies

(Hanna, Duflo and Greenstone 2016), there is a deficit in evaluating the economic costs of

air pollution . This paper to the best of our knowledge helps fill the gap by structurally

modeling the impact of both indoor and outdoor air pollution on health to estimate the

economic costs.
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In addition to exposure to outdoor and indoor air pollution, workplace exposure could

pose a potential risk to health. Millions of workers in a variety of occupations, such as min-

ing, construction, and abrasive blasting are exposed to high levels of airborne dust particles.

Inhalation of these particles may cause respiratory diseases such as bronchitis, silicosis, and

pneumoconiosis. Prevalence rate or trends in occupational respiratory problems in develop-

ing countries are mostly unknown, but the magnitude of the problem could be substantial

(WHO, 2016). We do not know of any micro-econometric study that examines the total

effect of all these sources of pollution on an individual’s health. Our study aims to fill this

gap. The literature has guided our data collection on public health that has examined in

detail the link between health and air pollution (see Smith 1993, Smith et. al. 2014).

Air pollution is usually the result of some human activity. For example, cooking or ve-

hicular pollution may be burnt resulting in emissions of air pollutants. The concentration of

air pollution depends not only on emissions but on factors such as whether the emissions are

dispersed by the wind outdoors, or prevented from dispersing by poor ventilation indoors.

Exposure depends on how many people breathe what concentration for how long. Dose mea-

sures how much pollutant is deposited in the body. Dose, along with such factors as smoking,

age and gender affect health. Ideally, economic analysis should use an integrated framework

because it is cumulative exposure over time and space that results in poor health, irrespective

of whether it originates in a stove or mine. In the economics literature, Pitt et al. (2005)

were the first to stress the importance of gathering data on the person-specific exposure to

air pollution, and the related data on time allocation across different micro-environments

and used survey data to examine health effects of cooking on rural Bangladeshi women. Our

paper considers other micro environments-outdoor, work, and other indoor space beside the

kitchen. The exposure to work-related pollution includes a source of pollution not studied

often, namely, mining.

Our key contribution is that we conceptualize and estimate the simultaneous exposure to
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both outdoor and indoor air pollution, factors relating to time allocation, and value the ben-

efits of reduction in both outdoor and indoor air pollution. In this paper, we develop a model

borrowing from conceptual foundations in environmental health sciences and economics of

household in developing countries. Specifically we draw from the health production models

(Harrington and Portney 1987), agricultural household models (Singh, Squire and Strauss

1986), and a branch of environmental health sciences, ‘Total Exposure Assessment’ (TEA)

(Smith 1993). We develop an analytical model to examine the willingness to pay for reduc-

tions in cumulative exposure to air pollution from ambient and cooking sources of a rural

household in a developing country. The empirical implementation of this framework that

incorporates both indoor and outdoor air pollution required the use of a household question-

naire which included time budget questions, measurement of air pollution concentrations in

different micro-environments and included clinical measurements of respiratory health.

This paper aims to understand and evaluate the total exposure to air pollution by exam-

ining a region that characterizes both indoor and outdoor air pollution in India. We collected

data from mining and non-mining regions of Goa, India. Total exposure is the result of peo-

ple spending time in different micro-environments (indoors, in the kitchen, and outdoors, for

example) with different levels of air pollution concentration levels. The exposure is cumula-

tive and over time leads to higher susceptibility to respiratory problems. In Goa, we study

this process in different mining clusters, with different levels of cumulative exposure among

the population. Pollution is not only caused by mining and associated transport but also

from the combustion of fuels for cooking - indoor air pollution.

We find that the more active mining clusters which experience higher ambient pollution

levels also have a lower proportion of households that use polluting biomass fuels for cooking.

We find that gender and age are critical determinants of the time spent by individuals

indoors, in the kitchen and outdoors, with middle-aged women spending much time cooking.

We find that cumulative exposure is a statistically significant explanatory variable for four

5



different indicators of morbidity: respiratory sick days, chronic respiratory sick days, visits

to the doctor, and lung function. Our use of two methods to measure health indicators -

socio-economic survey and clinical examination - strengthens the validity of our results.

We estimate lower and upper bounds to the value of reducing air pollution. We estimate

that reducing the ambient levels of air pollution in the four mining clusters to the level found

in the control region would have economic benefits of approximately Rs 0.18 million - Rs 19

million per year. The economic benefits of a household switching from only using wood for

cooking to not only using wood for cooking are estimated to be Rs 6 - Rs 680 per household

per year.

In section 2, we describe our study area and examine our data. In section 3, we develop

our theoretical model. In section 4, we present our results. We conclude in section 5.

2 Study area and data

The study area is the iron ore mining region of the state of Goa in India. For the study,

we divided the mining region of Goa into five clusters, including a control cluster with no

mining activity. These clusters have varying levels of mining activity, vintage of mining and

air pollution. Cluster 1 is the mining region with the earliest mining activity and cluster two

- currently the most intensively mined cluster. Cluster 3 is the region where mining activity

is at its inception. Cluster four consists of the mining corridor, which is the region where

trucks transport the ore from the mines to the barges or the coast. Cluster five is the control

region that is away from the mining region.

We surveyed 310 households and 1412 individuals from these households in the five

clusters for the detailed assessments of air pollution and its linkages with health. Following

is the list of households and villages selected for the pollution and health linkages and the

sample sizes (Table 1). We randomly chose the villages and within these villages randomly
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chose the households from the census of the households.

The survey questionnaire had two modules, household, and individual. Both the question-

naires were conducted as a personal interview between the enumerator and the individuals,

including the head of the household, who also responded to the household questionnaire.

The air pollution and health assessment component of the study was intended to measure

the exposure to air pollution of the chosen individuals from the chosen households. Environ-

mental monitoring and the time budget survey of individuals for the exposure assessment

were carried out for the study. The preliminary survey aided in identifying the essential

micro-environments necessary for estimating daily exposure. Four micro-environments were

selected for the study: 1) cooking area during cooking 2) living room and 3) outdoors 4)

working area for mining workers, truck drivers and other working members. The assess-

ment of daily exposure entailed measuring concentrations of RSPM (respirable suspended

particulate matter) in these microenvironments. The time budget (or time spent in the var-

ious micro-environments) of these individuals in a day was collected through the individual

questionnaire. Indoor measurements were done in 310 households.

In the sample as a whole, the fuel categories biomass only, gas only and biomass and

gas account for almost equal proportions (Table 2). However, there are sharp contrasts in

the shares of fuels among the clusters. As expected, the control cluster, which is an interior

region, has a very high proportion of households (82%) that use biomass fuels only. In

contrast, the corridor cluster, where we would expect the highest gas availability, has the

highest proportion of gas users (76%). Clusters 1, 2 and 3 falls between the control and

corridor clusters in the pattern of fuel use by households.

The corridor cluster has the highest mean household income (Table 3)-Rs 7715 ($120).

Cluster 1 has the highest median household income. Cluster 5 has the lowest mean income

among the clusters. The income distributions among clusters observed in Table 3 may partly

explain the fuel category patterns in Table 2.
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Adult females on average spend 3.4 hours a day cooking (Table 4). Adult males and male

children on average spend less than 0.3 hours a day cooking. Female children spend some

time cooking-about half an hour a day on average. Adult males spend less time indoors

than adult females, though time indoors does not vary much between children and males

and females. Adult females spend the least time outdoors, almost half of the other groups.

On average, time spent in the workplace is less than an hour, but that is because very few

people have salaried jobs. Hours spent at work by those who have salaried jobs are clustered

around eight and a half hours for both males and females.

Table 5 shows the ambient concentrations observed in the clusters. The mining clusters

have far higher concentrations than the control, and the corridor has the highest ambient

concentration.

There is substantial variation between clusters in twenty-four-hour average exposure (Ta-

ble 6). The highest exposure is experienced by the corridor cluster, which is over twice the

level experienced by an individual in the control cluster. The mean exposure in clusters one,

two and three are mostly similar.

Exposure among female children is higher than for male children, but the pattern is

reversed for adults (Table 7).

3 The Model

3.1 Theoretical Model

We develop a model drawing on health production models (Harrington and Portney 1987),

agricultural household models (Singh, Squire and Strauss 1986), and a branch of environmen-

tal health sciences, ’Total Exposure Assessment’ (TEA) (Smith 1993). In health production

models, health is an outcome of a production function. Agricultural household models try

to model consumption and production activities of rural households in developing countries
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in the same model. Total Exposure Assessment in the context of air pollution examines all

pathways from all sources of air pollution to exposure by humans. We examine a household

which consists of a child, an adult male, and an adult female. We assume that a household

aims to maximize its utility (U) which is a function of sickness (S) experienced by the child

(indexed by C) the adult male (indexed by AM) and the adult female (indexed by AF), and

non-food consumption (CNF ).

U = U(SC , SAM , SAF , CNF ) . . . (1)

We assume that sickness is a function of total exposure to air pollution (E), consumption

of cooked food (CF), doctor-visits (D) and individual characteristics (Z).

Si = Si(Ei, CF i, Di;Zi) . . . (2)

where i = C, AM, and AF

Total exposure is a weighted sum of exposure in different microenvironments, which

in turn, are equal to the product of time spent in these micro-environments (t) and the

concentrations of air pollution in these micro-environments (e). We consider four micro-

environments on which we have data: outdoors (indexed by o), cooking (indexed by c), work

(indexed by w) and indoors (indexed by i).

Ei = tio ∗ eo + tic ∗ ec + tiw ∗ ew + tiin ∗ ein . . . (3)

While the time spent in different micro-environments is person specific, the concentrations

are not. To simplify, we assume that the time spent by the child in the four different micro-

environments is the same as the adult female’s. Although this need not be the case, the time

spent by the child in different micro-environments is likely to be significantly influenced by

how the adult female spends time.

In our sample, almost all households cook with liquefied petroleum gas (LPG) or biomass

(B). Therefore, tic, the time in the cooking micro-environment is the sum of tlpgc and tbc, time

cooking with LPG and time cooking biomass. In our sample cooking is mainly done by

women, and so we assume that the adult female does cooking. The concentration of air
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pollution in the cooking environment (ec) is a function of the concentration outdoors (or

ambient concentration) and the length and type of cooking.

ec = ec(t
lpg
c , tbc, eo) . . . (4)

Similarly, the concentration indoors will depend on time cooking and the concentration

outdoors.

ein = ein(tlpgc , tbc, eo) . . . (5)

The total amount of food cooked in the household is a function of the time spent cooking.

CF = CF (tlpgc , tbc) . . . (6)

Ci
F , the amount of food consumed by each family member, is assumed to be some norm-

based share (θi ∈ [0, 1]) of the total amount of food cooked in the household. The amount

of raw food consumed (RF ) is assumed to be a linear function of the food cooked.

RF = η1CF . . . (7)

Where η1 is a constant. Similarly, the amount of fuel used (q) is assumed to be a linear

function of the time spent cooking.

qLPG = η2t
lpg
c , and qB = η3t

b
c . . . (8)

We also assume that a certain proportion (η4 ∈ [0, 1]) of the biomass fuel is gathered.

We also assume that it is the adult female who gathers biomass fuel. qBG = η4η3t
b
c . . . (9)

The time spent in gathering this fuel (tgc) is proportional to the quantity to be gathered.

(tgc) = η5η4η3t
b
c

We assume, based on examining our data (see Table 4 and associated discussion) that

the amount an individual works is predetermined by the occupation of the person. In other

words, the amount an individual works is not influenced by marginal cost and benefit consid-

erations, and for this model, is predetermined. We assume that after cooking, working and

gathering biomass, the adult female divides her remaining time in some given proportion

(αAF ) between the indoor (tAF
in ) and outdoor micro-environments. Total time outside (tAF

o )

is equal to remaining time spent outside and time gathering biomass.
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tAF
in = αAF (TAF − tAF

c − tAF
w − tAF

g ) . . . (10)

tAF
o = TAF − tAF

w − tAF
in . . . (11)

Since the adult male does not cook or gather biomass the expression for time indoors

and time outdoors are different in the case of the adult male.

tAM
in = αAM(TAM − tAM

w ) . . . (12)

tAM
o = TAM − tAM

w − tAM
in . . . (13)

The household maximizes utility subject to the following budget constraint.

tAM
w Pw + tAF

w Pw = PNFCNF + PrRF + PD
∑
Di + qBP PB + qLPGPLPG . . . (14)

by choosing CNF , t
lpg
c , tbc and Di

The first order conditions are (denoting the Lagrange by L):

∂L
∂CNF

= ∂U
∂CNF

+ λ[−PNF ] = 0 . . . (15)

Equation 15 is the usual consumer theory condition for consumption and says that the

marginal utility from an additional unit of consumption should equal the marginal cost in

utility terms, which is the product of the multiplier and the price.

∂L
∂Di = ∂U

∂Si
∂Si

∂Di + λ[−PD] = 0 . . . (16)

In equation 16 the marginal benefit of spending a unit of money on doctor visits of the ith

person in the household is the marginal utility of lower sickness of the ith person times the

marginal product (in terms of lower sickness) from an additional doctor visit. The marginal

cost is the price of a doctor visit multiplied by the multiplier.

∂L

∂tlpgc
=

∑ ∂U
∂Si [

∂Si

∂Ei
∂Ei

∂tlpgc
+ ∂Si

∂Ci
F
θi ∂CF

∂tlpgc
]− λ[η2PLPG + η1

∂CF

∂tlpgc
Pr] . . . (17)

A change in time spent cooking with LPG or biomass is associated with higher emissions

and therefore higher exposure and sickness (of all members), and higher cooked food and

therefore lower sickness. It will also entail greater cost concerning the gathering of biomass or

expenditure on purchase of fuel and raw food. The household will have imperfect information

about the effects of cooking on exposure. Moreover, cooking affects women and children more

than the adult male since they stay in the cooking micro-environment.
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∂L
∂tbc

=
∑ ∂U

∂Si [
∂Si

∂Ei
∂Ei

∂tbc
+ ∂Si

∂Ci
F
θi ∂CF

∂tbc
]− λ[(1− η4)η3PB + η1

∂CF

∂tbc
Pr] . . . (18)

A change in time cooking has several effects on exposure, since it affects the time spent

in different micro-environments (in the case of the adult female and the child) and the

concentration in the indoor and cooking micro-environment. So, for example,

∂EAF

∂tlpgc
= −eo + ec + ∂ec

∂tlpgc
tc − ein + ∂ein

∂tlpgc
tAF
in . . . (19)

3.2 Numerical Simulation

Since this is a very detailed system of equations, it is not possible to solve them. We,

therefore, carry out a numerical simulation with assumed parameters and functional forms

(not empirically based) to examine the comparative statics generated by such a structure

(see Appendix A.2 for the assumed functional forms and parameters). This complements

the empirical estimation which follows a reduced form approach (discussed in section 4).

As the key exogenous variables are changed, the endogenous variables change (see Table

21). An increase in the price of LPG leads to a fall in the time spent cooking with LPG

and a rise in the time spent cooking with biomass. This has adverse effects on cooking and

indoor concentrations. There is also a decline in consumption of food and non-food, and an

increase in sickness.

If the weight of the child’s sickness in the household utility function increases, then there

is an increase in medical attention to the child, and an increase in time spent cooking with

LPG. This leads to more cooked food, better concentration indoors and in the cooking

environment and less sickness of the child.

If there is an increase in the work done by the woman (which in our model is exogenous,

implying greater availability or demand for work), then there is an increase in time spent

cooking with LPG and biomass, more consumption of food and non-food and a fall in the

sickness of all household members.

An increase in ambient concentration leads to an increase in concentration indoors in-
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cluding the cooking environment leading to increased sickness. The household increases its

visits to the doctor and also its consumption of food.

3.3 Reduced form approach to estimation

We use a reduced form estimation approach. However, rather than regress endogenous

variables on all exogenous variables, we apply judgment to select from the exogenous variables

more likely to affect the endogenous variable in question. As the simulation also shows, some

exogenous variables have a more significant impact on some endogenous variables.

Our model is static for simplicity. However, in reality, what we witness today is the

outcome of the past. Mining tends to follow a life-cycle, with the initial expansion of mining

and economic activity in an area finally leading to a slowing down of mining as new areas are

found and exploited. During this mining life-cycle, the economic context and the environment

(of which air pollution is one indicator) of the households change. Moreover, human health

is affected by cumulative exposure, especially in the case of chronic air pollution-related

ailments. In our health estimations, we try to study the effect of cumulative exposure.

3.4 Economic Valuation

Finally, we estimate the economic value of a reduction in ambient pollution or of using only

gas for cooking. Harrington and Portney (1987) and Freeman (1993) have shown that the

total economic value of air pollution consists of direct utility benefits (which can only be

estimated through stated preference methods), increased earnings and the value of savings

in mitigating and averting measures.

We estimate the economic value of reduction in air pollution as a partial measure, based

on the savings in medical expenses:

Veo = pD × ( ∂D∗
∂CE

)× (∂CE
∂eo

)×∆eo . . . (20)
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where Veo is the value of the reduction in ambient air pollution due to mining in the

mining clusters, CE is cumulative exposure, and ∆eo is the difference in ambient air pollution

between the mining clusters and the control cluster.

Vec = pD × ( ∂D∗
∂CE

)×∆CEc . . . (21)

Where Vec is the value of the reduction in ambient air pollution due to mining and CEc

is the difference in cumulative exposure between households using only gas for cooking and

other households. This gives us a lower bound value.

We also estimate an upper bound value, similar to that outlined in equations (20) and

(21) where we replace the price of a doctor visit by the wage rate and the partial derivative

of doctor visits concerning cumulative exposure by the partial derivative of respiratory sick

days concerning cumulative exposure. We discuss why these are lower and upper bound

estimates later in the paper.

4 Results

4.1 Time in micro-environments

We present the results of regressions on the following dependent variables: time spent in-

doors, time spent outdoors, and time spent in the kitchen. Table 20 provides the summary

statistics for all the variables used in the regression models. For time spent indoors and time

spent outdoors, we control for fixed effects at different levels: at the level of the household,

village, and cluster. For time spent in the kitchen, we examine mean time spent in the

kitchen by adults in the household. How much time adults spend in the kitchen is expected

to depend on the presence of other adults, since one person can cook for several.

Table 8 shows the regression results for the variable in time (time spent indoors). Age,

age squared, male dummy and the number of adult males in the household are statistically

significant regressors. Figure 1 is a graphical representation of our result. Females spend
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more time inside than males, and middle-aged females spend less time inside than those

younger or older. Middle-aged females spend more time cooking (which is a separate micro-

environment in our analysis).

Table 9 shows the regression results for the variable out time (time spent outdoors). Age

and gender are statistically significant regressors. Age is negatively related to time spent

outdoors. Males spend more time outdoors, as expected.

Table 10 shows the regression results for the variable mean time spent by adults in the

kitchen. The only statistically significant regressor is the proportion of adult males in the

household, which is negatively related to mean time spent by adults in the kitchen.

4.2 Choice of Fuel

We now examine the choice of fuel by households. We use a multinomial logit regression.

The base category is using only biomass. The other categories are using only gas and using

biomass and gas.

Table 11 shows the regression results for the dependent variable category of fuel used

for cooking by the household. The base category is using only biomass for cooking. The

regressors mean education, pucca dummy (permanent housing) and insep (separate kitchen)

are statistically significant. Table 12 provides an interpretation of the coefficients of table 11

by estimating probabilities for different values of the regressors, holding all other regressors

constant. An increase in Mean education increases the probability of using only gas and

decreases the probability of using only biomass or using biomass and gas. If there is an

increase in wealth (reflected in the variable pucca dummy), then the change in probabilities

is similar to the increase in mean education. If insep goes to present from absent, there is

a reduction in the probability of using only biomass, an increase in the probability of using

only gas, but an increase in the probability of using biomass and gas for cooking.
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4.3 Health Indicators

We now present results related to the following health indicators: respiratory sick days,

chronic respiratory sick days, doctor visits related to respiratory sick days, and a clinical

measure of respiratory health based on a lung function test and clinical examination (inter-

preted by a medical specialist). For respiratory sick days, chronic respiratory sick days and

doctor visits related to respiratory sick days, we used panel Tobit regressions, while for the

clinical measure we used logit regressions.

Table 13 shows the regression results for the dependent variable respiratory sick days.

In column (1) we see that cumulative exposure, years of education and pucca dummy are

statistically significant regressors. On dropping some of the statistically insignificant vari-

ables in column (1) we get the column (2), and the coefficient of cumulative exposure is once

again highly statistically significant and of almost the same value. In columns (3) and (4)

we use exposure instead of cumulative exposure. Although the sign of exposure is positive

as expected, exposure is not statistically significant in either column (3) or column (4) of

table 13. In columns (3) and (4) age is statistically significant, with a positive sign.

The results for chronic respiratory sick days closely parallel those for respiratory sick

days.

Table 14 shows regression results for pfmdum. Pfmdum is a clinical measure; 0 indi-

cates normal respiratory health, 1 indicates a problem. Chronic exposure is a statistically

significant regressor, as is exposure. Both regressors have a positive sign, as expected.

Table 15 shows the regression results for doctor visits related to respiratory sick days.

Cumulative exposure is statistically significant in column (2) while exposure has the expected

sign, but is not statistically significant.
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4.4 Economic value of reduction in air pollution

In table 16 we see that ambient concentration and fuel category of the household (using

only gas for cooking) are very statistically significant regressors of the dependent variable

cumulative exposures.

We first report a low value from our estimation (in terms of doctor visits), and then a

value that could be considered an upper bound (in terms of wages lost from respiratory sick

days). Table 17 displays the economic value of reducing ambient air pollution concentrations

to levels existing in the control area (see equation 20). Since this is a public good (being

non-excludable and non-rival) we add up the values within mining clusters.

Tables 18 and 19 display the range of economic value (low and high) of reducing ambient

air pollution concentrations to levels existing in the control area, but when we see the value

in terms of increase in potential wage earnings. Based on field work, we take a value of Rs

100 per day (in year 2004) as a representative figure for wages in the region. The value per

adult of reduction in ambient air pollution varies from Rs 470 per person per year in cluster

four to Rs 20 per person per year in cluster three.

We estimate that the value of using only gas is on average Rs. 210 per year per person,

and Rs. 980 for the average household. We regard these numbers as high estimates of the

value of wages foregone due to sickness from air pollution due to two reasons. First, in several

cases the time constraint of households will not be binding in rural areas-people may want

to work, but not be able to find work. Second, for those people with salaried jobs, hours

of work are clustered around eight hours a day, implying that they choose the job but not

work. Moreover, in such cases, sickness will often be covered by ’sick leave’ and not affect

wages. Indeed, in our theoretical model, we have treated hours of work as predetermined.

In comparison, Murty et al. (2003) had found that the welfare gain from reducing the SPM

concentration from the prevalent level to the MINAS standard in the cities of Delhi and

Kolkata was approximately Rs. 2800 and Rs. 1330 per household, respectively.
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Finally, we would like to point out that the case for air pollution control is further

strengthened when we realize that we have only estimated the benefits of morbidity. The

value of averted mortality is often much larger than the value of averted morbidity by order

of magnitude (see, for example, Burtraw et al. 1997 and Muller & Mendelsohn 2007).

5 Conclusions

Our study develops an integrated empirical model to study the total effect on respiratory

health by both indoor and outdoor air pollution. The two distinct features of this paper

are: 1) proposing an integrated empirical model of health effects of air pollution 2) using

disaggregate level data on exposure in different environments to test the empirical impli-

cations from the model. The careful delineation of the levels of exposure from different

micro-environments offers insights into the magnitude of impacts from indoor and outdoor

pollution. This approach has allowed us to estimate and compare the health impacts from

both indoor and outdoor air pollution simultaneously. Findings from such a cross-disciplinary

approach offer several direct implications for policymaking. Firstly, indoor air pollution from

the use of traditional cooking technologies and fuelwood can be as bad if not worse in terms

of respiratory health impact as outdoor air pollution. A second insight is that total exposure

is an outcome of ambient air quality and time spent in the microenvironment. So policies

and incentives should not just focus on improving cooking technology and fuel choice but

also provide information that improves time allocations in polluted environments including

household kitchens.

In rural areas of developing countries particularly in households using biomass fuels and

poor kitchen ventilation - indoor air pollution is a relatively more significant health hazard.

We consider two different measures of health - reported health status and clinical measures

of health for robustness of results showing the health effects due to exposure. We show
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empirical evidence of substitution of cleaner cooking fuels for biomass fuels in the mining

regions - an increase in outdoor air pollution and a reduction in indoor air pollution. Finally,

economic valuation of reduction in air pollution to control village levels is useful for policy

evaluation of fuel choice within the households and ambient pollution levels outside.

6 Tables

Table 1: Sample size distribution across villages and clusters
Area V illage Household Individuals
Cluster 1 Piligao 37 178
Cluster 2 Surla, Pale, Pissurlem 101 465
Cluster 3 Sanvordem, Codli-Kiriapal 85 401
Corridor Curchorem 40 180
Control Rivona 47 188
Total 310 1412

Table 2: Use of fuels by category and cluster(%)
Fuelcategory 1 2 3 Corridor Control Total
None 0 0 2 0 2 1
Biomass only 38 29 19 11 82 32
Gas Only 10 22 45 76 7 32
Biomass and Gas 51 49 33 13 9 35
Total 100 100 100 100 100 100

Table 3: Mean and median household income (Rs per month) by cluster
Cluster Mean Median

1 6569 8000
2 5132 3000
3 4612 3000
4 7715 6000
5 3611 3500

Total 5299 3500
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Table 4: Time spent in microenvironments (in hours per day)
Child Adult

Male Female Male Female

Indoor-Mean 14.78 15.32 13.13 15.18
Indoor-Median 14 14.5 13 15
Outdoor-Mean 8.18 7.76 8.44 4.57
Outdoor-Median 9 9 10 4
Kitchen-Mean 0.27 0.447 0.27 3.373
Kitchen-Median 0 0 0 4
Work-Mean 0.19 0.279 0.958 0.375
Work-Median 0 0 0 0

Table 5: Ambient concentration by cluster
Cluster PM10Concentration

1 242.8
2 145.7
3 82.8

Corridor 436
Control 71

Table 6: Twenty four hour average exposure (microgram per cubic metre) by cluster
Cluster Mean Median

1 278 245
2 284 274
3 280 269

Corridor 151 138
Control 274 261

Table 7: Twenty four hour average exposure (microgram per cubic metre) by gender for
children and adults

Child Adult
Gender Mean Median Mean Median

Female 292 282 269 251
Male 262 248 279 275
Total 276 262 274 261

20



Table 8: Regression Results of Dependent Variable: Time spent Indoors

Intime Standard errors
Age *** -0.186 (5.08)
Age square *** 0.003 (6.03)
Male *** -2.258 (10.66)
Education years 0.000 (0.01)
Non smoker -0.233 (0.92)
No. of Adult males *** 0.177 (2.08)
No. of Adult Females -0.038 (0.36)
No. of male children 0.000 (0.00)
No. of female children 0.010 (0.06)
Gas stove cooking 0.309 (1.21)
Pucca house -0.206 (0.96)
Exhaust fan 0.000 (0.00)
Separate Kitchen 0.244 0.97
Income 0.000 (0.79)
Ambient Air quality -0.001 (1.27)
Constant *** 18.18 (20.55)
Observations 948
R squared 0.20

t statistics in parentheses
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Table 9: Regression Results of Dependent Variable: Time spent Outdoors

Intime Standard errors
Age ** -0.094 (2.12)
Age square 0.001 (1.09)
Male *** 4.290 (16.83)
Education years -0.041 (0.85)
Non smoker 0.109 (0.36)
No. of Adult males -0.066 (0.66)
No. of Adult Females 0.198 (1.60)
No. of male children 0.054 (0.29)
No. of female children 0.128 (0.69)
Gas stove cooking -0.174 (0.58)
Pucca house 0.306 (1.21)
Exhaust fan - 0.015 (0.06)
Separate Kitchen 0.269 (1.07)
Income -0.00001 (0.74)
Ambient Air quality -0.001 (1.05)
Constant *** 7.070 (6.64)
Observations 948
R squared 0.32

t statistics in parentheses

Table 10: Regression Results of Dependent Variable: Mean time spent by adults in the
kitchen

Coefficient Standard errors
Adult male proportion *** -1.946 (4.66)
Adult female proportion 0.163 (0.39)
Male child proportion 0.158 (0.27)
Gas stove cooking -0.059 (0.51)
Pucca house -0.045 (0.39)
Exhaust fan -0.118 (1.15)
Separate kitchen 0.044 (0.36)
Income 0.000 (1.37)
Constant 2.733 (7.32)
Observations 304
R squared 0.21

t statistics in parentheses
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Table 11: Regression Results for Dependent Variable: Fuel Category

Gas Only Biomass and Gas
Mean Education 0.294 0.086

(4.59)*** (1.49)
No. of Adult Males -0.081 0.257

(0.48) (1.72) *
No. of Adult Females -0.224 0.021

(1.19) 0.12
No. of Male children 0.258 -0.061

(0.95) (0.23)
No. of Female children 0.174 -0.028

(0.69) (0.12)
Pucca House 1.548 0.288

(3.89)*** (0.71)
Exhaust Fan 0.045 0.637

(0.13) (1.95)*
Separate Kitchen 1.204 1.115

(3.36)*** (3.43)***
Income 0.000 0.000

(0.71) (0.97)
Constant -3.250 -2.255

(4.65)*** (3.74)***
Observations 278 278

z statistics in parentheses

Table 12: Probabilities of households falling in different fuel categories as value of regressors
vary, all other variables being held at average value in the sample

Mean education Pucca Separate Kitchen
Min Max 0 1 0 1

Biomass Only 0.62 0.08 0.40 0.20 0.52 0.25
Gas Only 0.06 0.76 0.23 0.55 0.22 0.36
Biomass and Gas 0.32 0.16 0.37 0.25 0.26 0.39
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Table 13: Regression Results of Dependent Variable: Respiratory Sick Days

(1) (2) (3) (4)
Cumulative exposure 0.254 0.257

(2.88)*** (3.82)***
Non smoking -3.566 -2.937

(0.48) (0.39)
Male -3.050 -1.975

(0.41) (0.27)
Education years -2.042 -2.019 -1.957 -1.787

(2.20)** (2.28)** (2.10)** (1.95)*
Pucca -14.840 -17.002 -16.112 -18.967

(1.81)* (1.71)* (1.96)* (1.87)*
Income - 0.000 0.000

(0.16) (0.17)
Age -0.078 0.496 0.618

(0.26) (2.29)** (2.91)***
Exposure 0.027 0.031

(0.87) (0.85)
Constant -72.070 -84.125 -80.895 -96.075

(5.50)*** (7.34)*** (5.11)*** (5.83)***
Observations 1019 1033 1019 1033

Z statistics in parentheses

24



Table 14: Regression Results of Dependent Variable: Chronic respiratory Sick Days

(1) (2) (3) (4)
Cumulative exposure 0.247 0.285

(2.02)** (3.34)***
Non smoking -7.008 -6.845

(0.68) (0.66)
Male -1.075 -0.689

(0.11) (0.07)
Education years -1.520 -2.135 -1.469 -1.887

(1.18) (1.80)* (1.14) (1.54)
Pucca -17.812 -17.40 -18.897 -19.276

(1.34) (1.35) (1.41) (1.47)
Income - 0.001 0.001

(0.61) (0.57)
Age 0.179 0.745 0.769

(0.44) (2.56)** (2.73)***
Exposure 0.068 0.067

(1.42) (1.42)
Constant -124.812 -124.578 -146.013 -149.65

(6.00)*** (7.36)*** (5.81)*** (6.28)***
Observations 1055 1069 1055 1069

Z statistics in parentheses
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Table 15: Regression Results of Dependent Variable: PFM (clinical measure)

(1) (2) (3) (4)
Cumulative exposure 0.008 0.006

(1.70)* (1.71)*
Non smoking 0.157 0.114

(0.32) (0.23)
Male -0.167 -0.150

(0.33) (0.30)
Education years -0.043 -0.058

(0.65) (0.89)
Pucca -0.204 -0.159

(0.40) (0.31)
Income - 0.000 -0.000

(0.46) (0.50)
Age 0.044 0.041 0.063 0.056

(2.21)** (2.90)*** (3.63)*** (4.69)***
Exposure 0.004 0.003

(2.16)** (1.77)*
Constant -5.344 -5.474 -6.544 -6.352

(5.28)*** (9.38)*** (5.46)*** (7.79)***
Observations 630 779 630 779

Z statistics in parentheses

26



Table 16: Regression results for doctor visits related to respiratory sickdays

(1) (2) (3) (4)
Cumulative exposure 0.012 0.014

(1.24) (1.90)*
Non smoking 0.806 0.870 0.679

(0.88) (0.94) (0.76)
Male -0.006 0.055

(0.01) (0.06)
Education years -0.279 -0.272 -0.277 -0.270

(2.52)** (2.68)*** (2.49)** (2.53)**
Pucca 0.079 -0.050

(0.08) (0.05)
Income 0.000 0.000 0.000

(0.16) (0.25) (0.20)
Age 0.008 0.036 0.036

(0.23) (1.43) (1.50)
Exposure 0.001 0.001

(0.25) (0.23)
Constant -10.471 -9.650 -10.922 -10.644

(5.25)*** (6.20)*** (4.85)*** (4.92)***
Observations 1014 1038 1014 1026

Z statistics in parentheses

Table 17: Regression results for dependent variable: cumulative exposure

Variable Coefficient
Ambient 97,003.279

(9.99)***
Only gas stove -1.186e+07

(3.53)***
Constant 41590821.613

(12.70)***
Observations 1402
R squared 0.07

Z statistics in parentheses
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Table 18: Value (low) of reduction in ambient air pollution to level in control area (Rs million
per year)

Cluster Value Million Rs per year
1 0.071
2 0.032
3 0.003
4 0.076

Table 19: Value (high) of reduction in ambient air pollution to level in control area (Rs
million per year)

Cluster Value Million Rs per year
1 7.53
2 3.42
3 0.31
4 8.00
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A Appendix

A.1 Variables in Regression

Table 20: Summary of variables used in regressions
Variable Units Observations Mean Std. Deviation
Age Years 1402 32.21 18.54
Male Dummy, 1 = male 1405 0.51 0.50
Non Smoking Dummy,1 = non smoker 1411 0.56 0.50
Time spent indoors Hours 1411 14.29 3.54
Time spent in Kitchen Hours 1411 1.54 2.16
Time spent outdoors Hours 1411 6.78 4.01
Time spent working Hours 1411 0.59 2.20
Pucca House Dummy, 1 = pucca 1398 0.32 0.46
Exhaust fan Dummy, 1 = use exhaust 1411 0.51 0.50
Separate Kitchen Dummy, 1 = sep. kit. 1411 0.64 0.48
Education years Years 1148 7.52 4.29
Respiratory sickdays Days in last 6 months 1288 5.67 24.34
Cumulative exposure (million) cubic 1403 69.50 56.10
Chronic resp. sickdays Days in last 6 months 1333 3.51 18.55
Peak flow meter Score 701 87.66 7.31
Mean time spent (kitchen) Hours by hh. members 308 1.86 0.97
No. of rooms in the house Number 305 4.15 2.24
Adult males in hh. Number 308 1.88 1.15
Adult females in hh. Number 308 1.86 1.00
Male children in hh. Number 308 0.42 0.67
Female children in hh. Number 308 0.40 0.68
Gas stove Dummy, 1 = use gas stove 308 0.66 0.47

A.2 Numerical simulation equations

We list the equations from the model where we have assumed specific functional forms for

the simulation.

U = u1S
C + u2S

AM + u3S
AF + u4 logCNF . . . (1s)

Si = s1Ei + s2 logCi
F + s3 logDi . . . (2s)

CF = b8 log tlpgc + b9 log tbc . . . (6s)
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Table 21: How endogenous variables are affected by changes in some of the exogenous
variables

Endogenous variable Plpg u1 tAF
w eo

ec + 0.04 - 0.00 + 0.01 + 0.88
ein + 0.02 - 0.00 + 0.01 + 0.93
Sc + 0.03 - - 0.15 - - 0.04 + 0.13
SAM + 0.03 + 0.00 - - 0.04 + 0.10
SAF + 0.02 + 0.00 - - 0.04 + 0.13
Ec + 0.01 - 0.00 - 0.00 + 0.89
EAM + 0.01 - 0.00 + 0.00 + 0.66
EAF + 0.01 - 0.00 - 0.00 + 0.89
CF - - 0.13 + 0.05 + 0.03 + 0.07
CNF - -0.01 - -0.06 + 0.021 - -0.02
Dc + 0.01 + 0.76 + 0.17 + 0.11
DAM + 0.01 - 0.05 + 0.16 + 0.07
DAF + 0.02 - -0.05 + 0.17 + 0.12
tbc + 0.17 - -0.02 + 0.03 + 0.64
tlpgc - - 0.67 + 0.25 + 0.14 + 0.05

Table 21 shows the comparative statics generated by the structure of our model.

A.3 Figure

Figure 1: Time spent Indoors versus age for females and males
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