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Abstract 

 

Toxicity of lead to various human organs and tissues, including the heart, bones, 

GI tract, and reproductive and nervous systems have been well documented. In particular, 

the neurotoxic effects of lead exposure on young children have been examined well and 

quantified, based on studies conducted mostly in high income countries. Consequently, 

high income countries have taken various precautionary actions in order to prevent 

dangerous exposure to lead by the most vulnerable groups, including children, 

occupational workers and the elderly. In contrast, studies on exposures and mitigation 

actions to avoid lead exposures in low and middle income countries (LMIC) have been 

quite limited, mostly due to budgetary constraints. This thesis aims to assess children’s 

potential exposures, risks and mitigation costs in Indonesia using cost-benefit analysis 

techniques. The exposure and health focus was restricted to toxic lead contamination in 

soil, resulting in mild mental retardation (MMR) in children. 

The hypothesis being tested is that: Indonesia is underestimating the health costs 

caused by water and soil pollution from lead toxic waste sites, and that a cost benefit 

analysis will show that the benefits will outweigh the costs of remediation.  

The non-profit research organization Pure Earth in New York City provided the 

data on measured lead contamination in soil samples they have taken from different parts 

of the Cinangka village in Indonesia. The soil contamination in Cinangka was caused by 

past and present small-scale lead acid battery recycling operations in the village. For data 

analysis, the village was divided into six separate sample areas, based on the type of use 
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(e.g. residential, areas with infrastructure or in which lead recycling is performed). 

Calculated geometric means of the soil lead measurements in each of the sample areas 

were first used using as inputs into EPA’s Integrated Exposure Uptake Biokinetic Model 

(IEUBK model) to predict blood lead level (BLL) values, then subsequently using these 

BLL values, for estimating the MMR incidence rates, and finally for predicting the 

number of disability adjusted life years lost (DALYs). Using the previously developed 

approaches by the World Health Organization (WHO), the estimated number of DALYs 

in turn was converted into a predicted monetary amount by employing a benefit transfer 

(BT) approach based on three separate value of statistical life (VSL) studies done in the 

Asia. This monetary value is an estimation of the monetary benefits gained by cleaning 

up lead contaminated waste sites. For an indication of the cost of remediating lead 

contaminated waste sites, an average cost was calculated based on the cost of six 

remediation’s done in LMIC by Pure Earth.  

The cost benefit analysis (CBA) performed in this research showed that from a 

financial perspective, it is beneficial to remediate the more contaminated and populated 

sample areas four, one and two. However, a break-even point was identified when 37.7 

DALY’s due to lead exposures expected to cause MMR in children can be avoided. 

Despite numerous information limitations in this thesis, I conclude that there is good 

evidence to accept the hypothesis, especially considering the fact that the calculated 

benefits were based on avoiding only the incidence of MMR in children, among many of 

the other health impacts that have also been associated with chronic lead exposures.  
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Definition of Terms 

 

Benefit Transfer (BT):  Using estimated monetary values in existing scientific 

and/or empirical studies, to assess the value in another 

study.  

 

Blood Lead Level (BLL):  The measure of lead in the blood, which is typically 

measured in µg/dL.  

 

Contingent Valuation 

Method (CV):  A methodology to evaluate the economic value of 

ecosystems and/or environmental services. Respondents are 

usually asked hypothetical scenarios to estimate the value 

of reducing air pollution for example.  

 

Cost Benefit Analysis (CBA):A tool to estimate the costs and benefits of a program to 

enable decision makers whether investments are 

worthwhile.  

 

Disability-Adjusted Life  

Year (DALY):  A measure of overall disease burden, calculated as one lost 

year of a ‘healthy’ life. 

 

Disability Weight (DW):  A value between zero and one in which zero refers to 

perfect health and one to death. The higher the DW, the 

greater the disability.  

 

Integrated Exposure Uptake  

Biokinetic Model (IEUBK):  A model developed by the US Environmental Protection 

Agency to estimate the blood lead level for a hypothetical 

child or a group of children between 0 and 84 months 

exposed to lead contaminated media.  

 

Global Alliance on Health  

and Pollution (GAHP):  A cooperation between development banks, NGO’s, 

bilateral agencies, academia and the private sector with the 

mission to facilitate the provision of technical and financial 

resources to governments and communities to reduce the 

impacts of pollution on health in low- and middle-income 

countries’. 
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Gross National Income per  

Capita, in Purchasing Power  

Parity (GNI, PPP):  The World Bank defines this as follows: “PPP GNI is  

gross national income (GNI) converted to international 

dollars using purchasing power parity rates. An 

international dollar has the same purchasing power over 

GNI as a U.S. dollar has in the United States. Gross 

national income is the sum of value added by all resident 

producers plus any product taxes (less subsidies) not 

included in the valuation of output plus net receipts of 

primary income (compensation of employees and property 

income) from abroad”.  

 

Lead (Pb):  Lead is a naturally occurring element found in small 

amounts in the earth’s crust. While it has some beneficial 

uses, it can be toxic to humans and animals causing of 

health effects. 

 

Low and Middle Income  

Countries (LMIC):  A ‘Lower-Middle Income Economy’ is defined by the 

World Bank as a country with a Gross National Income 

(GNI) between $1,046 and $4,125 and a Middle Income 

Country with a GNI between $1,046 and $12,746. 

 

Mild Mental  

Retardation (MMR):  The individual must have an individual IQ score between 

50 -55 and approximately 70 IQ points, ‘demonstrate 

substantial functional limitations that are age specific’ and 

has to start before the age of 18 years.   

 

National Ambient Air  

Quality Standards (NAAQS): Standards set by EPA for six criteria pollutants that are  

 common in outdoor air, considered harmful to public health 

 and the environment, and that come from numerous and  

 diverse sources. 

 

Normal Good:  Goods which will be purchased more when income 

increases, having an income elasticity between zero and 

one. 

 

Particulate Matter (PM):  A complex mixture of extremely small particles and liquid 

droplets measured in aerodynamic diameters of 10 and 2.5 

microns. 

 

Value Statistical Life (VSL):  The value a given population places ex ante on avoiding the 

death of an unidentified individual. 
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Willingness to Pay (WTP): The amount an individual is willing to pay to reduce a 

potential risk such as air pollution or lead exposure.  

 

Years of Life Lost (YLL):  Years of Life Lost due to premature mortality.   

 

Years of Life Lost due to  

Disability (YLD): Years of Life Lost due to Disability. The number of years 

lost depend on the disability weight (DW) and on the DW 

to the disability weight and the average duration of the 

disability either until remission or until death (in years). 

 

World Health  

Organization (WHO): A specialized agency of the United Nations that is 

concerned with international public health. 
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Chapter I 

Introduction 

 

There is limited data about the causes of most environmental pollution in Low 

and Middle Income Countries (LMIC). This is also the case for resulting health 

consequences and the cost to remediate environmental pollution. The lack of such 

insights results in many LMIC governments placing a low priority on taking action. In 

contrast, high income countries (HIC) typically place a cost on negative health impacts 

from environmental pollution, and use these measures when deciding on steps to reduce 

or remediate environmental pollution.  

 

Research Significance and Objectives  

This thesis serves as a pilot project on how to apply a cost benefit analysis for 

cleaning up lead contaminated waste sites, using data from Cinangka in Indonesia. By 

applying a cost benefit analysis in a LMIC country, it may be possible to show that taking 

action is beneficial from a financial perspective.  

In July 2012, the Global Alliance on Health and Pollution (GAHP) was set up, 

with a mission to ‘facilitate the provision of technical and financial resources to 

governments and communities to reduce the impacts of pollution on health in low- and 

middle-income countries’ (Global Alliance on Health and Pollution). Since April 2016 

GAHP has 24 members and is governed by representatives from the Asian Development 

Bank, the World Bank, Pure Earth (former Blacksmith Institute), GIZ, European 

1 
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Commission, UNIDO, and the Department of the Environment and Natural Resources of 

the Philippines. GAHP recognizes the impact of pollution on human health in LMIC and 

this thesis aims to take steps towards quantifying this impact. It focuses on Indonesia and 

aims to advise how to analyze the health impacts in other LMIC.  

 

Main Pollution Causes and Health Consequences in LMIC 

WHO identified and quantified five major environmental pollution problems for 

HIC and LMIC that result in death or disease. These five causes are responsible for 10% 

of global deaths and diseases. For children under five years of age, this percentage 

increases to 25% of deaths and diseases (World Health Organization, 2009b). In LMIC, 

the five major causes are: indoor air pollution, unsafe water, inadequate sanitation and 

unimproved water, ambient air pollution, climate change and lead exposure 

Indoor air pollution in households is the largest health risk factor for LMIC. It is 

caused by indoor burning of solid fuels used for cooking and heating. WHO estimated 

that, in 2012, 4.3 million deaths per year were caused by indoor air pollution, nearly all of 

them in LMIC (World Health Organization, 2014b). Health implications of indoor air 

pollution include: acute respiratory infections, chronic obstructive pulmonary disease, 

pulmonary tuberculosis, perinatal and infant mortality, low birth weight, laryngeal cancer 

and lung cancer (Gall, Carter, Earnest, & Stephens, 2013).  

Unsafe water, inadequate sanitation and unimproved water are the main causes of 

diarrheal disease and deaths, causing approximately 3.8% of annual deaths (World Health 

Organization, 2009b).  
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According to the WHO, the third identified environmental risk is ambient air 

pollution concentrations for PM10 and PM2.5 (Particulate Matter with aerodynamic 

diameters less than 10 and 2.5 microns, respectively).  Exposure to PM results in 

approximately 1.9% of the annual deaths in LMIC (World Health Organization, 2009b). 

Air pollution caused by traffic results in acute respiratory infections, an increase in 

miscarriages and stillbirth (Kashima, Yorifuji, Tsuda, Ibrahim, & Doi, 2010). 

Global climate change is the fourth environmental risk. This increases several 

health risks such as increased risk due to high temperatures, an increase in vector borne 

diseases such as malaria and dengue fever, and an increase of waterborne infections 

which, in turn, can lead to diarrhea.  

Last, are the increased risks due to lead exposure. It is estimated that 99% of the 

adults and 98% of the children exposed to lead live in LMIC (World Health 

Organization, 2009b). Toxicity from lead causes several health implications such as 

anemia, mental retardation, palsy, seizures, apathy, loss of coordination, and subtle loss 

of recently acquired skills (Botkin & Keller, 2011). 

 

Main Pollution Causes in Indonesia  

When comparing causes of Indonesian pollution with global pollution causes, the 

first difference is the order environmental impacts on health. The second difference is 

that global climate change is not in the top five causes of health impacts in Indonesia. A 

report (Institute for Health Metrics and Evaluation, 2013a)) summarizes Indonesia’s main 

pollution causes as follows: household air pollution from solid fuels, ambient particulate 
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matter (PM) pollution, lead, unsafe water, sanitation and unimproved water. IHME 

estimates the number of deaths due to indoor air pollution for Indonesia to be 164,651 

(Institute for Health Metrics and Evaluation, 2013b). IHME estimates that 63,825 deaths 

are caused by ambient air pollution, as per 2010 WHO estimates of the annual mean of 

PM10 in Indonesia 48 µg m
-3

 and PM2.5 21 µg m
-3

 (World Health Organization, 2014a). 

These values are below the National Ambient Air Quality Standards (NAAQS) in the US, 

which are 150 µg m
-3 

for 
  24-hr 

average PM10 and 12 µg m
-3

for PM2.5 based on annual 

average levels. Contaminated sites, with lead exposure being the most prevalent toxic 

metal, result in 24,705 deaths annually. The last key risk factor in Indonesia is the 

absence of sanitation, poor drinking water and lack of hygiene. WHO estimates this 

causes 31,700 deaths annually in Indonesia (World Health Organization, 2009a). 

 

Lead Exposure and Health Impacts 

The US Environmental Protection Agency describes lead as follows: “Lead is a 

naturally occurring element found in small amounts in the earth’s crust. While it has 

some beneficial uses, it can be toxic to humans and animals causing of health effects.” 

(US Environmental Protection Agency, 2015). People can be exposed to lead in several 

ways, by breathing in air contaminated with small lead particles, via contaminated water, 

via diet and/or via swallowing lead contaminated soil or dust (Centres for Disease 

Control and Prevention, 2013). Swallowing contaminated soil is specifically a risk for 

small children.  

No safety level of lead exposure has been established and overall, it is assumed 

that there is no safe level of lead exposure (Lanphear et al., 2005). However, the Centers 

of Disease Control have established levels of concern (LOC) of the amount of lead in 
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blood (BLL). Over the years, the LOC has been reduced frequently. In the early sixties 

the LOC was defined as 60 µg/dL; in the early seventies it was reduced to 40 µg/dL; and 

during the late seventies it was further reduced to 30 µg/dL. A further reduction, to 25 

µg/dL, occurred in the early eighties and then again, in the early nineties, to 10 µg/dL 

(World Health Organization, 2010). The most recent adjustment of the LOC was in 2014 

and it is currently 5 µg/dL (Centre for Disease Control and Prevention, 2014). Overall, 

this is equivalent to a reduction of 1 µg/dL every year since 1960.  

As noted above, lead toxicity can lead to different health impacts. The severity of 

health impacts will depend on the amount of exposure, the duration of exposure, the 

amount entering the body and the amount being absorbed by the body (US 

Environmental Protection Agency, 2007). An increase in the exposure amount and an 

increase in duration will likely increase the chances for a health impact to occur but will 

also likely increase the severity of the health impacts. Chronic lead exposures might lead 

to cardiovascular diseases via an increase in systolic blood pressure which in turn 

increases the risks of developing cardiovascular and cerebrovascular diseases (Fewtrell, 

Prüss-Üstün, Landrigan, & Ayuso-Mateos, 2004).  

Fewtrell et al. also describe the impact of chronic lead exposure on the IQ 

development of young children. Chronic lead exposure increases the risk that children 

will not reach their optimum IQ and/or will have cognitive/behavioral impairments. 

Children with a lower IQ, just above 70, might lose enough IQ points that they fall into 

the category of children with mild mental retardation (MMR).  

 MMR consists of three components (American Association on Mental Deficiency, 

1983):  
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 “The individual must have an individual IQ score between 50 -55 and 

approximately 70 IQ points”; 

 “The individual must “demonstrate substantial functional limitations that are 

age specific”;  

 “Origination before the age of 18 years”   

 WHO developed two spreadsheets to estimate the impact of lead exposure on the 

reduction of IQ points for children in the age group between zero and four years old. An 

example of both spreadsheets is shown in appendix 1 and 2. The foundation of these 

calculations are found in Fewtrell et al. ( 2004), Schwartz ( 1994) and Lanphear et al. 

(2005), which provide estimations of the global disease burden due to lead exposure 

(World Health Organization, 2004).  

An important input to the Disability Adjusted Life-Year (DALY) spreadsheet 

calculation is the result from a meta-analysis performed by Lanphear and his colleagues 

(Lanphear et al., 2005). They analyzed the relation between the IQ test scores and the 

BLL for 1,333 children (collected from seven international studies, mostly USA). These 

children were followed from birth or infancy until the ages five ten years. Children had 

verbal and performance tests to estimate their IQ and their demographic and health 

information were also obtained. To exclude other factors which might influence or cause 

MMR the following data were also obtained: site identifier (referring to one of the seven 

international studies analyzed), child’s sex, birth weight, birth order, maternal education, 

maternal age, marital status, prenatal alcohol usage, prenatal exposure to tobacco, and a 

Home Observation for Measurement of the Environment (HOME) score to estimate the 

stimulation from the home environment. In their univariate analysis analyzing the 
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relationship between BLL and IQ, only sex and alcohol consumption were not 

significantly related to a reduction in IQ. In their multivariate analysis the HOME score, 

maternal IQ, birth weight and maternal education were related to a reduction in IQ. To 

find a relationship between BLL and IQ, a log linear model was fit to available data with 

adjustments for the personal and household variables discussed above. The log linear 

relationship was split into three parts: low, intermediate and high BLL intervals, in which 

the low BLL interval shows the steepest reduction in IQ. A BLL between 2.4 µg/dL and 

10 µg/dL was shown to result in a reduction of 3.9 IQ points, a BLL between 10 µg/dL 

and 20 µg/dL resulted in a reduction of 1.9 IQ points and a BLL between 20 µg/dL and 

30 µg/dL was shown to result in a reduction of 1.1 IQ points. Overall, there was a 6.9 

reduction in IQ points when the BLL increased from 2.4 µg/dL to 30 µg/dL. The 

relationship between IQ reduction and BLL increase was used to calculate the ‘incidence 

rate’ per 1,000 for lead-induced MMR.  

 In 2013 Crump et al. performed a statistical reevaluation of Lanphear’s work 

(Crump, Van Landingham, Bowers, Cahoy & Chandalia, 2013). They reproduced work 

performed by Lanphear et al. (2005) and also performed their own analysis of the data 

used in Lanphear’s work. Even though Crump et al. found some discussion points based 

on Lanphear’s analysis, they state: 

our independent analysis found results that mirrored the conclusion of  Lanphear 

et al., namely, that the relationship between Pb and IQ was non-linear, that 

concurrent BPb provided the best statistical description of the exposure-response, 

and that there is statistical evidence for an association of BPb with IQ peak BPb 

exposures below 7 µg/dL and as low as concurrent BPb of 5 µg/dL (Crump et al., 

2013).  

 

They also support Lanphear’s statement that they “found no evidence of a threshold” 

exposure below which BPb had no association with IQ.  
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An alternative meta- analysis was performed by Fewtrell et al. (2004). They based 

the linear relationship between the increased blood lead level (BLL) and a reduction in IQ 

on research done by Schwartz (1994). For every increase of 5 µg/dL in the BLL, IQ 

levels were projected to reduce by 1.3 IQ points. This linear relationship was used for 

BLL’s up to 20 µg/dL. For BLL’s higher than 20 µg/dL, a loss of 3.5 IQ points was 

assumed. The application of Fewtrell and Schwartz regression analysis is applied in my 

sensitivity analysis and the impact of BLL on the population’s IQ losses (Table 1).  

To understand how many children will be affected by MMR, an estimation of the 

number of people already having an IQ around the 70 is needed.  As indicated in the IQ 

distribution for the general population is shown below, only 2% of a population will have 

an IQ between 55 and 70 IQ points (Fig 1).  

 

 

Figure 1. Normal distribution of IQ in global general population (Eowyn, 2014), 

(Schmaus, 2015).  

 

To fall from the category between 70 and 85 IQ point to the category below 70 IQ 

points, I estimated the fraction of the population having an IQ between 70 and 76.9 
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assuming the above described linear relationships between increase in BLL and a 

reduction in IQ and using both Schwartz and Lanphear’s IQ intervals (Table 1).  

 

Table 1. Distribution of a normal population within specified IQ increments. 

 

 

MMR may also be caused by other factors, such as anemia, hookworm infections, 

whooping cough, chickenpox, measles or iodine deficiencies (Armatas, 2009; Fewtrell et 

al., 2004). Also, behavior during pregnancy such alcohol usage or smoking may cause 

MMR in children. To rule out MMR due to infectious diseases such as whooping cough 

and iodine deficiencies, adjustment ratios were estimated for different regions in the 

world. Regions with high adjustment ratios reflect high incidence of MMR due to 

infectious diseases and iodine deficiencies. For example, the adjustment ratio for Canada 

and the USA was one, indicating MMR does not result from iodine deficiency or other 

communicable diseases. However, the adjustment ratio for Indonesia has been estimated 

to be 3.25, showing the increased risk of MMR due to other causes (World Health 

IQ Interval IQ Increment
1

Percentage of 

population 

(assuming a normal 

distribution) (%)

IQ (1)
1 

70 - 70.65 0.24

IQ (2)
1 

70 - 71.95 0.80

IQ (3)
1 

70 - 73.25 1.45

IQ (4)
1 

70 - 73.50 1.59

IQ (5)
2 

70 - 73.90 1.65

IQ (6)
2 

70 - 75.80 3.09

IQ (7)
2 

70 - 76.90 3.90

2 
Based on Lanphear's IQ interval's 

1
 Based on Schwartz' IQ interval's 



10 

Organization, 2004). The application of the adjustment ratio is shown in ‘Step four of the 

Calculation of DALYs’.  

 

Hypothesis and Research Questions 

The hypothesis of my thesis is that Indonesia is underestimating the health costs 

caused by water and soil pollution from lead toxic waste sites, and that a cost benefit 

analysis will show that the benefits will outweigh the costs of remediation.  

The hypothesis can be broken down into two research questions: 1) Is Indonesia 

underestimating the health costs caused by water and soil pollution from lead toxic waste 

sites? and 2) Does a cost benefit analysis show that the benefits will outweigh the costs of 

remediation? 

To determine whether Indonesia is underestimating the health cost caused by 

water and soil pollution by lead toxic waste sites, the exposure to lead is restricted to 

toxic lead contamination in soil as only data from soil samples were available. The health 

focus was restricted to lead caused MMR in children. 

 To determine whether, from a cost benefit perspective, it is worthwhile to 

remediate the lead contaminated waste sites, the benefits are expressed in monetary value 

($) instead of DALYs which are often used. Therefore benefits and cost can easily be 

compared.  
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Chapter II 

Methods  

 

In policy-making, several methods are used to calculate the advantages of 

preventing or remediating health damages due to environmental pollution. Most common 

is a cost-benefit analysis in which the expected cost of a given policy is compared with 

the benefits resulting from that policy.  

 

Disability-Adjusted Life Year 

Benefits from policies are estimated using Disability-Adjusted Life Year 

(DALY). WHO defines a DALY as one lost year of a ‘healthy’ life. One year of ‘healthy’ 

life can be lost by early mortality and/or disability caused by pollution (World Health 

Organization, 2014c) or, in other words:  

DALY = YLL + YLD  

in which YLL are the Years of Life Lost due to premature mortality and YLD are the 

Years of Life Lost due to Disability. When calculating the number of DALYs due to 

lead-induced MMR, YLL equals zero as MMR in itself will not result in premature death.  

Furthermore, WHO defines YLD as follows:  

YLD = N x DW x L 

in which N refers to the number of incident cases, DW to the disability weight and L to 

the average duration of the disability until remission or death (in years).  The disability 

weight is a value between zero and one in which zero refers to perfect health, and the 
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higher the DW, the greater the disability. The average duration of the disability depends 

on two variables, the age of onset and the life expectancy. Life expectancy differs around 

the globe and the current life expectancy of males and females in Indonesia are 68.8 years 

and 72.2 years respectively (World Health Organization, 2015). In the DALY 

calculations, the age of onset is assumed to be 1 year. Therefore, the average MMR 

duration due to lead exposures for Indonesian males and females are 67.8 and 71.2 years, 

respectively.  

YLD can be calculated more comprehensively when social weighting functions 

are applied. This means that not all lost life years are valued equally. It is assumed that 

losing a healthy life year between the ages nine and 56 is worse than losing a healthy life 

year outside this range (Murray, 1994). One of the arguments to apply social weighting is 

the theory of human capital where humans are compared with the productivity of a 

machine. The cost of maintenance and productivity vary during the lifetime of a machine. 

This experience is similar to human beings, who need more maintenance (i.e. have higher 

expenses) early in life and at the end of their lives, while they are most productive 

between the ages nine and 59. This age range was chosen by Murray (1994) and used in 

this project. The years between nine and 59 years have higher age weights in comparison 

to years outside this range (Fig. 2). Besides the human capital theory, assigning different 

weights to different ages makes intuitive sense.  
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Figure 2. Age-weight function (Murray, 1994). 

 

Expressing the above age weight function within DALY calculations can be done 

by:   

𝐶𝑥𝑒−𝛽𝑥 

Where x refers to the age of individual, C and β are constant values and are set at 0.1658 

and 0.04.   

Furthermore, another refinement to the YLD calculation is taking time-preference 

into consideration. Individuals prefer the benefits of staying healthy now more than their 

future health. This is similar to the fact that most investment decisions discount their 

investment back to today’s value of money. Investments in public projects or, in this 

case, investing in a healthy future are discounted at a 3% discount rate (Johns, Baltussen, 

& Hutusbessy, 2003). In DALY calculations, the standard for referring to the value of 

time is:  

𝑒−𝑟(𝑥−𝑎)  
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where r is the discount rate, x is the age of individual and a is the age the disability starts.  

Adding both factors to the YLD estimation and using a parameter K that specifies 

whether age-weighting is applied (K=1) or not (K=0), results in the formula below 

(Devleesschauwer et al., 2014):  

YLD =  N x DW x ∫ {𝐾𝐶𝑥𝑒−𝛽𝑥𝑒−𝑟(𝑥−𝑎) + (1 − 𝐾)𝑒−𝑟(𝑥−𝑎)
𝐴+𝐿

𝐴
}𝑑𝑥 

where a is the age of onset and L refers to the duration. Similarly, the Excel template 

provided in WHO (2001) for DALY calculations, includes the following formula for each 

age interval: 

YLD= N DW {K Ce(ra)/ (β+r)2 [e
 -(β +r)(L+a) [-β+ r)(L+a)-1] - e -β(β+ r)a [–

(β+r)a-1]] + (1-K) (L/r) (1– e
-rL)} 

Note that the value of YLD for lead-induced MRR differs between males and 

females. The age of onset for all children is assumed to be one year but due to the 

differences in life expectancy, the number of DALYs for females will be higher in 

comparison to DALYs calculated for males.  

The YLD calculation calculates the DALYs for one individual person. To be able 

to calculate the number of DALYs for children in the age group between zero and four 

years old, first the increased incidence rate due to lead exposure for this age group has to 

be calculated. Increased lead soil toxicity will lead to higher BLL and therefore higher 

incidence rates and in turn to higher DALYs. WHO developed a second spreadsheet to 

estimate lead-imposed incidence rates. One of the parameters needed to calculate this is 

the mean BLL. GAHP provided soil samples of which the amount of lead was measured.  

To estimate the increased risk due to lead toxicity in the soil and the impact on the 

BLL of children between zero and four years, in this project the Integrated Exposure 
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Uptake Biokinetic Model for Lead in Children (IEUBK) model, developed by the US 

Environmental Protection Agency (2007) was used. The model calculates a predicted 

geometric BLL based on a child’s exposure to lead. Currently, the Level of Concern for 

increased BLL is 5 µg/dL (Centre for Disease Control and Prevention, 2014).  

The model was developed for children between the age of zero and 84 months. 

EPA developed this model for children as children have low body weight in comparison 

to adults and will therefore be impacted more by lead exposure in comparison to adults. 

Furthermore, hand-mouth behavior of children (Ozkaynak H., Xue J., Zartarian V.G., 

Glen G. & Smith L., 2011), (Zartarian et al., 2006), (Xue et al., 2007) and mouth-to 

objects behavior (Xue et al., 2009) are significantly different and higher than for adults, 

thereby exposing them more to lead contamination. It calculates the geometric mean lead 

concentration in blood based on four components:  

1. Exposure component: A child can be exposed to lead via lead contaminated 

soil, house dust, drinking water, air and/or food. Therefore, the concentration 

of contamination needs be estimated, which is shown in the following 

formula: 

Exposure (µg/day) = Concentration Lead in Media (µg/g or µg/m
3 

or µg/L) x 

Contact Rate of Child with Contaminated Media (g/day or m
3
/day or 

liters/day) x Duration (days). 

IEUBK has default values for all parts of the equation, for example lead 

contaminated air defaults to 0.10 µg/m
3.

and default values for a child’s time 

spent outdoors are also given. The default value for lead soil contamination is 

200 µg/g or 200ppm. All default values can be adjusted if local estimates are 
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available. The soil contamination values were adjusted based on soil samples 

provided by GAHP.  

2. Uptake component: Even though lead contaminated media enter into a child’s 

body via inhalation or via ingestion, not all is transferred into the blood 

circulation. It will partly leave the body via exhalation or via a child’s feces. 

The uptake component (µg/day) refers to the quantify of lead transferred to 

the blood plasma.  

3. Biokinetic component: Even though part of the contaminated media is taken 

up by the body, not all lead will stay in the blood plasma as part of it will 

leave the child’s body via urine and feces.  It may also be stored in skin, hair, 

nails, kidney, liver, cortical bone or trabecular bone (spongy bone). IEUBK 

calculates the transfer from the blood plasma to the excretion of lead and the 

storage components.  

4. Variability component: Even though children can be in contact with the same 

contaminated media, they do not necessarily end up with the same BLL due to 

differences in behavior, lead uptake and/or biokinetic reasons. Similar to 

Lanphear et al. 2005 the IEUBK model assumes a log-normal probability 

distribution with a default geometric standard deviation of 1.6. 

One of the main advantages of DALYs is comparability between countries. It 

requires knowledge of the assumptions authors made relating to social weighting and 

time preference to ensure valid comparison of DALYs. However, a disadvantage of 

DALYs is that this measure is not expressed in monetary terms. Being able to express 
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DALYs in monetary terms will help policy makers perform a realistic cost benefit 

analysis and help them prioritize policy making decisions.  

 

Value per Statistical Life 

For the reasons noted above, another methodology is often used to calculate the 

benefits of a policy intervention or remediation of contaminated media. This is expressed 

in terms of the ‘Value per Statistical Life’ (VSL). This represents the value a given 

population places ex ante on avoiding the death of an unidentified individual 

(Organisation for Economic Co-operation and Development, 2012b) or years of living 

with a disability. A VSL is defined as how much money people are willing to pay to 

reduce their mortality or morbidity risk by a certain amount, Δ. It is specified as:  

    Δ WTP   

Value Statistical Life =                

        Δ R    

where WTP = Willingness to Pay and R = risk reduction disability/disease and/or 

mortality. 

The VSL shows the rate at which people are willing to trade income for a 

reduction in the annual risk of dying; for example a risk reduction from four in 10,000 to 

three in 10,000. It is assumed that an increase in income will lead to a greater WTP and 

will therefore result in a higher VSL. VSL estimates of costs to reduce health risk vary 

widely, with minimum estimates of $4,450 to maximum estimates of $75.4 million, with 

a median value of $4,698,226 (Organisation for Economic Co-operation and 

Development, 2012a). All estimates are in 2005 prices. The differences in income can 
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only partly explain the large variance, as within the USA alone, the VSL ranges from 

$37,222 to $138 million. Cultural differences can also explain variances in VSL between 

countries.   

How much does VSL increase as real income increases? This depends on the 

estimation of income “elasticity”. The income elasticity is defined as the change in 

demand for a particular good due to a change in income. Goods can be defined as 

“normal” goods (goods which will consumed more when income increases and having an 

income elasticity between zero and one) or as “luxury” goods (goods which are not 

necessary and will be bought more when disposable income of individual increase and 

having an income elasticity greater than one). The question is whether a reduction in 

mortality risk in LMIC can be considered as a normal good or a luxury good. 

One meta study analyzed income elasticity from 14 previous meta-analyses and 

concluded that the VSL is a normal good but not a luxury good (Doucouliagos, Stanley, 

& Viscusi, 2014). This conclusion is consistent with the assumptions of U.S. regulatory 

agencies, who generally assume that a 1% change in real income will lead to a 0.4 – 0.6 

percent change in VSL (J. K. Hammitt & Robinson, 2011). In a meta-analysis by the 

OECD, these numbers are slightly higher; a 1% change in real income will lead to a 0.7-

0.9 change in VSL (Organisation for Economic Co-operation and Development, 2012b). 

Nearly all these estimations have a focus on HIC but it is likely that the income 

elasticity of LMIC will differ and will be higher than 1 in lower income populations; i.e., 

reducing the mortality risk is considered as a luxury good (J. K. Hammitt & Robinson, 

2011). This makes intuitive sense as there are other cheaper ways, instead of policy 

interventions, to reduce mortality risk for low income households - e.g., when income 
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increases they might be able to eat more diverse foods to improve their health and reduce 

mortality risk.  

Often a Benefit Transfer (BT) is used to calculate the VSL, which means that a 

VSL calculated in one context is transferred to another context. To transfer a VLS from a 

HIC to LMIC, the VLS is often amended for the GDP per capita, as this is an important 

proxy to make amendments for income elasticity (Organisation for Economic Co-

operation and Development, 2012b). Also to perform a BT and to calculate the VSL for a 

given country, it is important to find a study which is in the same region as the country to 

which the VSL is being transferred to as ‘studies closer spatially tend to have lower 

transfer errors’ (Organisation for Economic Co-operation and Development, 2011). 

The World Bank categorized Indonesia in 2015 as a ‘Lower-Middle Income 

Economy’ with a Gross National Income (GNI) between $1,046 and $4,125 (World 

Bank, 2015a). Therefore, Indonesia falls between the definition of a Low Income 

Country, earning a GNI per capita of maximum $1,045, and a Middle Income Country 

with a GNI between $1,046 and $12,746. 

The OECD performed a meta-analysis and compiled a large open source database 

that can be used to find studies to perform a benefit transfer (OECD, 2012).  Only Stated 

Preference studies (SP) are part of the database.  SP studies analyze the WTP of 

respondents (via contingent valuation or CV), to reduce their mortality risk. In turn these 

numbers can be used to calculate the VSL. The database contains 741 VSL estimates of 

38 countries varying from the U.S.A. to European countries to Bangladesh and Thailand. 

The VSLs were estimated in relation to risk reduction in environment, health and traffic 
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policymaking areas. After analyzing this database, I could use some VSL calculations for 

a BT and VSLs for Indonesia.  

A simple BT to calculate the VSL adjusted for income levels and the cost of 

living can be shown as follows:  

 VLSp = VSLs (Yp / Ys )
β 

       

where VSLs refers to the VSL as calculated in the research paper, Yp and Ys refer to the 

income levels in the policy area and the research paper respectively and β refers to the 

income elasticity. To do a BT I have used, as an estimate for the income levels, the World 

Bank’s Purchasing Power Parity adjusted Gross National Income per capita expressed ($) 

(World Bank, 2015b).  

 

Sensitivity Analysis 

To understand the influence of variables on the DALY calculations, I performed a 

sensitivity analysis in IEUBK, in the MMR spreadsheet and in the final DALY 

spreadsheet. I have not performed a sensitivity analysis on VSL, as the results of the VSL 

calculations already result in a range of estimates.  

IEUBK is divided into four areas of lead exposure media: soil (including dust), 

air, diet and water. In all four areas I have adjusted one main assumption by two increases 

in media concentration. For example, the default value for lead concentration in air is 

assumed to be 0.1 µg/m
3
. I have increased this default value by 100% and 500% 

respectively. A similar exercise was performed for soil ingestion, air concentration and 

dietary ingestion.  
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In the MMR spreadsheet, Lanphear’s IQ intervals were adjusted. Lanphear 

estimated a 6.9 reduction in IQ points if the BLL increases from 2.4 µg/dL to 30 µg/dL, 

divided into three intervals of IQ losses. Schwartz (1994) evaluated four cross-sectional 

studies and three longitudinal studies analyzing the impact of lead exposure on a full IQ 

scale for school age children. In order to be able to compare the studies, the effect of BLL 

increase from 10 µg/dL to 20 µg/dL was analyzed to predict the changes in IQ level, 

taking into account whether studies controlled for parental IQ, HOME score and/or 

analyzed the class the children grew up in (i.e. disadvantaged, middle or advantaged 

class). As a baseline, they estimated a decrease of 2.57 IQ points with standard error of ± 

0.41 IQ points. The sensitivity analysis showed that no study dominated as the baseline 

did not change significantly when the study with the largest estimated effect was taken 

out (2.43 ± 0.34 IQ points) or when the study with the most significant effect was 

excluded (2.52 ± 0.58 IQ points). Schwartz’ baseline results 2.57 ± 0.41 IQ points show a 

higher IQ loss in comparison to Lanphear. He estimated a 1.9 IQ loss in the 10 µg/dL to 

20 µg/dL range.  

Based on this review, the DALY calculation spreadsheet was amended for the 

following variables:  

 Adjustments to the DW of 0.361 with a 10% increase in DW and a 10% 

decrease in DW.  

 The baseline DALY calculations assume no age weighting (k=0). However, as 

set out earlier, there are valid reasons to apply age weighting. 
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GAPH Lead Sites in Indonesia 

The Blacksmith Institute developed an initial site screening (ISS) based Toxic 

Sites Identification Program (TSIP) to identify the key pollutant, the dominant pathway 

and an estimation of the population being impacted. For all LMIC countries where GAHP 

is working, these sites are recorded in a TSIP database. The GAHP database for 

Indonesia contains currently data from 27 lead sites (Fig. 3) of which 25 sites are located 

on the Island of Java, mostly concentrated around the capital city, Jakarta (Fig. 4). 

Another cluster is around Yogyakarta. As Blacksmith’s sampling regime has changed and 

improved over time, one site, Cinangka, is analyzed and used to calculate the number of 

DALYs in that area. 

 

 

Figure 3. 27 GAHP sites contaminated with lead in Indonesia (QGIS Development Team, 

2015). 
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Cinangka is located on Java, south of Jakarta (Fig. 4). Cinangka was impacted by 

lead poisoning due to the existence of small-scale lead acid battery recycling. The town 

was also impacted by a landfill containing waste from the small-scale lead acid battery 

recycling activities.  Pure Earth conducted remediation activities between September 

2013 and March 2014. Remediation was mainly focused on cleaning up a soccer field in 

the center of the village, located next to a local school and thereby exposing many 

children to lead. A landfill was located below the soccer field. The landfill was excavated 

up to a depth of two meters and the soil was then encapsulated and filled with 1.5- meters 

of new clean soil and 0.5 meters of clean topsoil.  

 

 

Figure 4. Location of Cinangka on Java, just south of Jakarta(QGIS Development Team, 

2015) & (Oak Ridge National Laboratory, 2013). 
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Steps Taken to Calculate the Number of DALYs in Cinangka 

The following steps were taken to calculate the number of DALYs in Cinangka:  

1. The soil samples results were mapped and divided into six areas. The sample 

areas were divided, as the purpose of every area differs e.g. residential, area 

with mainly infrastructure (roads) or area were lead recycling is still 

performed; 

2. For all six sample areas, a geometric mean (GM) and a geometric standard 

deviation were calculated;  

3. For all six sample areas the calculated GMs were entered into a ‘Integrated 

Exposure Uptake Biokinetic Model for Lead in Children (IEUBK) to estimate 

the increased risk of lead toxicity.  Adjustments made to default parameters in 

IEUBK were as follows: 

o Constant outdoor lead soil concentration was adjusted from 200 ppm to 

the calculated GM in ppm for every sample area. 

o An upward adjustment from time spent outdoors for the different age 

categories (Table 2). This parameter was amended as people and children 

spend more time outdoors in Indonesia in comparison to the USA due to 

favorable climate in Indonesia but also due to smaller size houses in 

Cinangka in comparison to the USA.  
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Table 2. Adjustment default value IEUBK model ‘time spent outdoors’. 

 

 

4. The incidence rate of lead-induced MMR was calculated with a WHO “lead 

spreadsheet”. An example is shown in Appendix 1. 

5. The number of DALYs due to lead exposure (World Health Organization, 

2004) was calculated. An example of this spreadsheet is shown in Appendix 2.  

6. A layer with the population density per km
2
, as estimated by the Oak Ridge 

National Laboratory (ORNL), was ‘laid’ over the map (Fig. 12) of Indonesia. 

Based on the calculated area, the number of people affected by lead toxicity 

was estimated.  

  

Age  

Default value in 

IEUBK model 

Adjusted to 

(hours/day)

0 - 1 year 1 9

1 – 2 year 2 9

2 – 3 year 3 9

3 – 7 year 4 9
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Chapter III 

Results 

 

The results presented below follow the same order of key steps used in the 

methods for calculation of health risks, described under Chapter II. First the results of the 

DALY calculations are shown, secondly three BT studies are used to estimate a VSL for 

Indonesia, followed by a translation of the number of DALY’s into a VSL for the 6 

sample areas in Cinangka. A sensitivity analysis shows the key variables in the models 

used for the DALY and VSL calculations. This is then followed by projected cost for risk 

mitigation, including: 1) a cost analysis of cleaning up of lead contaminated waste sites, 

and 2) a cost benefit analysis with an extrapolation of these results to Indonesia.  

 

DALY Calculations 

The results for the DALY calculations are described according to the steps as 

described in Chapter II.  

 

Step One - Mapping Soil Sampling Areas 

Soil sampling data were collected in the village of Cinangka (Fig. 5 and Table 3) 

in 2014 and 2015 after the clean-up started. Area six is the area remediated. Soil samples 

were also taken from this area in 2011, before remediation took place. The remaining five 

areas had not been remediated. To measure the amount of lead in the soil, samples of the 

topsoil were taken, at a maximum depth of 25 cm below ground level.  
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Figure 5. Soil sampling areas in Cinangka  

 

Table 3. Coordinates of the soil sample areas.

 

1 Corner 1 (-6.59028; 106.69306) 4 Corner 1 (-6.59444; 106.69722)

Corner 2 (-6.59028; 106.69583) Corner 2 (-6.59444; 106.69861)

Corner 3 (-6.59167; 106.69306) Corner 3 (-6.59583; 106.69722)

Corner 4 (-6.59167; 106.69583) Corner 4 (-6.59583; 106.69861)

2 Corner 1 (-6.59306; 106.69583) 5 Corner 1 (-6.59306; 106.69722)

Corner 2 (-6.59306; 106.69722) Corner 2 (-6.59306; 106.70139)

Corner 3 (-6.59444; 106.69583) Corner 3 (-6.59444; 106.69722)

Corner 4 (-6.59444; 106.69722) Corner 4 (-6.59444; 106.70139)

3 Corner 1 (-6.59444; 106.69583) 6 Corner 1 (-6.59100; 106.70139)

Corner 2 (-6.59444; 106.69722) Corner 2 (-6.59100; 106.70278)

Corner 3 (-6.59583; 106.69583) Corner 3 (-6.59250; 106.70139)

Corner 4 (-6.59583; 106.69722) Corner 4 (-6.59250; 106.70278)
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Due to access restrictions by local residents, it was difficult to take additional soil 

samples. This was mainly the case in areas one, two and three, and largely due to the fact 

that local residents still recycle lead batteries as their main source of income.  

 

Step Two - Calculating GM and SD of Soil Samples 

For all six areas, the geometric mean (GM) and geometric standard deviation 

(GSD) were calculated (Table 4).  

 

Table 4. Overview of the sample areas with basic statistical numbers.  

 

 

There were large differences between amounts of lead measured in the soil, 

varying between a minimum of 1 µg/g and a maximum value of 100,800 µg/g in area 

four. This results in large differences in the median concentration for the six sample 

areas, varying between 52 µg/g in area six after cleanup and 14,903 µg/g in sample area 

two. Area two also shows the highest GM lead concentration of 5,892 µg/g.  

# of 

Samples

Min Pb 

Value

Max Pb 

Value Median

Arithmetic 

Mean 

Arithmetic 

Standard 

Deviation 

Geometric 

Mean 

Geometric 

Standard 

Deviation 

Area 1 Red 15 1 25,524 2,784 6,401 7,170 2,438 9.9

Area 2 Yellow 16 1 67,319 14,903 16,866 18,738 5,892 12.4

Area 3 Green 66 79 3,631 364 616 659 417 2.4

Area 4 Pink 52 22 100,800 773 9,972 19,525 1,445 8.5

Area 5 Orange 41 19 24,187 672 2,424 2,502 703 4.4

Area 6 Before Clean Up 

(2011) 54 1 89,700 557 7,142 18,017 645 9.4

Area 6 After Clean Up 

(April 2 2014) 52 1 677 52 135 182 51 5.6
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As discussed above, sample area six was the site that was remediated. Figure 6 

shows the soil sampling data in 2011, before remediation and the soil sampling data after 

remediation in March 2014. 

 

Figure 6. Soil concentrations in area six before remediation in 2011 and after remediation 

in 2014. 

 

 

During 2014, a total of 214 samples were taken, on January 9, 20 and 30, 

February 5, 18 and 20, March 26 and April 2 (i.e. before and after remediation). In nearly 

all cases, the amount of lead in the soil on April 2 was lowest, as expected. In 2011, 54 

topsoil samples were taken with a median value of 557 ppm, above the maximum 

recommended allowable level of lead in soil of 400 ppm (U.S. Environmental Protection 

Agency - Office of Solid Waste and Emergency Response, 2014). However, there is a 
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large difference between the minimum value of zero (for calculations 1 ppm was used) 

and the highest value of 89,700 ppm.  

Almost half of the samples are below the recommended level of 400 ppm (Fig. 7). 

The remaining samples are either between 400 and 1,000 ppm (13 in total) or at the very 

high end, above 10,000 ppm (eight in total). The Geometric Mean (GM) is calculated as 

645 ppm and GSD of nine. 

 

 

Figure 7. Distribution of lead soil samples in 2011 before remediation.  

 

After the clean-up was finished in March 2014, 50 soil samples were taken on 

April 2, 2014 and two soil samples in August 2015. The median value of lead in the soil 

had decreased from 557 ppm to 52 ppm, with a minimum of zero ppm of lead and a 

maximum of 677 ppm.. The GM reduced from 645 ppm in 2011 to 51 ppm. The 

distribution of lead in the soil samples is shown in Figure 8. With the exception of four 
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values, all remaining samples were below the recommended allowable level of lead in 

soil of 400 ppm.  

 

Figure 8. Distribution of lead soil samples in 2014 after remediation. – 

 

Step Three - Calculating BLL with IEUBK 

The main areas in IEUBK to be adjusted to local circumstances are one or more 

exposure components, i.e., soil (default 200 µg/g), house dust (200 µg/g), drinking water 

(4 µg/L), air (0.1 µg/m
3
) and food (depending on age between 1.95 and 2.26 µg/day). As 

soil samples were taken in the areas, the default soil concentration was adjusted to the 

GM, as calculated in step two. This resulted in GM BLLs (Blood Lead Level) between 

1.34 µg/dL in area six after remediation and 29.4 µg/dL in area two (Fig. 9). Only area 

three and area 6 after remediation are below the current LOC (Level of Concern) of 5 

µg/dL.  
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Figure 9. GM BLL as calculated with the IEUBK model based on area-specific soil 

samples from step two. 

 

 

Step Four - Calculating MMR Based on BLL Levels as Estimated with IEUBK 

An example of the WHO MMR Spreadsheet is shown in Appendix I, in which 

MMR is calculated for sample area one. Area one has GM BLL of 16.91 µg/dL, which 

results in an MMR incidence rate estimation of 8.16 incidences per 1,000 children. The 

lowest incidence rate is 0.176 per 1,000 children in sample area six after remediation and 

the highest incidence rate is estimated for sample area two at 10.615 per 1,000 children 

(Fig. 10).  
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Figure 10. MMR incidence rate per 1,000 based on GM BLL (µg/dL) calculated in step 

three. 

 

 

Step Five - Calculating DALY Based on MMR Incidence Rate  

The output from step four is the input to calculate the number of DALYs in the 

second WHO spreadsheet, of which an example is shown in Appendix 2. For the lowest 

MMR estimation of 0.176 per 1,000 children for area six after remediation, a DALY of 

14.1 is estimated and for the highest MMR incidence rate of 10.615 per 1,000 children 

for area two, 111.9 DALYs per 1,000 children are estimated.  
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Figure 11. Number of DALYs based on MMR incidence rate per 1,000 based on step 

four. 

 

 

Figure 11 shows an almost linear relation between MMR incidence rate and the 

number of DALYs. The number of DALYs is approximately 10 times higher in 

comparison the MMR incidence rate. 

 

Step Six - Estimation of the Number of DALYs in Sample Areas 

Figure 12 below shows the sample areas, similar to Figure 5, but now with a layer 

showing the population density per km
2
 over it. 
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Figure 12. Sample areas with layer of 2013 population density and legend (Oak Ridge 

National Laboratory, 2013; QGIS Development Team, 2015). 

 

 

The population density varies between the sample areas. Based on the number of 

people per km
2
, as estimated by the Oak Ridge National Laboratory (ORNL) and the size 

of sample area in m
2
, the number of people potentially being impacted by chronic lead 

exposure was calculated as shown in Table 5 below.  
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Table 5. Calculated number of people living in sample areas possibly affected by chronic 

lead exposure.  

 

 

The calculated number of people living in sample areas varies from three up to 40 

persons. The number of people being impacted seems low. This is mainly due to the fact 

the actual sample areas are quite small, ranging from 2% up to 5% of a km
2
.  

Using the information about the population density in all sample areas and 

combining these with the number of DALYs caused by MMR per 1,000 children between 

zero and four years old, gives the number of DALYs in sample areas one to six (Table. 

6). Sample area one has the highest estimated number of DALYs with 0.3283. Sample 

area three and sample area six after clean up show the lowest number of DALYs of 

0.0052 and 0.0041. The estimated number of DALYs in area one is 62 times higher in 

comparison to sample area three.  

1 # of people per km2 837 4 # of people per km2 111

Length area (meters) 153 Length area (meters) 155

Width area (meters) 311 Width area (meters) 159

Area in m2 47,544 Area in m2 24,789

Area as % per km2 5% Area as % per km2 2%

Calculated # of people in area 40 Calculated # of people in area 3

2 # of people per km2 111 5 # of people per km2 119

Length area (meters) 152 Length area (meters) 152

Width area (meters) 157 Width area (meters) 464

Area in m2 23,757 Area in m2 70,272

Area as % per km2 2% Area as % per km2 7%

Calculated # of people in area 3 Calculated # of people in area 8

3 # of people per km2 111 6 # of people per km2 125

Length area (meters) 155 Length area (meters) 165

Width area (meters) 157 Width area (meters) 154

Area in m2 24,380 Area in m2 25,389

Area as % per km2 2% Area as % per km2 3%

Calculated # of people in area 3 Calculated # of people in area 3
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Table 6. Projected number of DALYs per sample area.  

 

 

For area six it should be noted that the clean-up area is a soccer field adjacent to 

four elementary schools for children between six to twelve years of age. Pure Earth 

estimated that approximately 300 children attend each elementary school. Therefore, 

about 1,200 children attend the schools around the football field area. As such, 

calculating DALYs only based on ORNL population density method will not show the 

full impact of lead exposure. Children attending the four schools were exposed to lead 

during their time playing on the football field during school time exposing significantly 

more people than only based on ORNL data.  

 

Comparison of 2010 Blood Level Samples of Children in Cinangka 

In August 2010, Pure Earth took blood samples from 44 children between the 

ages of five and ten years old (Appendix 3). The median age of the children recruited was 

six years. Finger sticks were used to take blood samples. The disadvantage of using the 

finger stick method is that it is susceptible to surface contamination in comparison to the 

Sample Area 

Estimated # 

People living 

in Sample 

Area 

Estimated # 

Children between 

0-4 Living in 

Sample Area
1

DALY's per 

1000 for age 

group 0 -4 

years

DALY's 

per 

Sample 

Area 

1 40 3.813 86.1 0.3283

2 3 0.253 111.9 0.0283

5 8 0.766 36.2 0.0277

4 3 0.264 65.2 0.0172

6B 3 0.287 33.2 0.0095

3 3 0.259 20.2 0.0052

6A 3 0.287 14.1 0.0041
1 
Based on estimations by Badan Perencanaan Pembanguan Nasional and 

Badan Pusat Statistik for West Java 2013 is 4,344,000 children and the 

total population in West Java is estimated to be 45,340,800. This is 

equivalent to 9.58%. 
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application of a venipuncture (Schwartz, 1994).  However, a finger stick is easier to apply 

and children are more comfortable having a finger stick, which is the reason this method 

was used in Cinangka. 

Of the 44 tests, five came back with incorrect results and were excluded. The 

overall GM of the blood samples taken was 33.06 µg/dL, with a median value of 32.40 

µg/dL and a GSD of 1.41 µg/dL. The histogram (Fig. 13) shows six bars as BLL 

increases by 10 µg/dL. The distribution is skewed to the right, showing a GM of 45.1 

µg/dL and GM 54.4 µg/dL in the two far right bars and represent BLL results of 10 

children or 25% of the children tested.  

 

 

Figure 13. Distribution of GM BLL (µg/dL) and the number of children affected. 
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The overall GM in BLL testing is much higher in comparison to the GM BLL 

value calculated with the IEUBK model for all six sample areas. Sample area two showed 

the highest GM of 29.4 µg/dL and sample area three had the lowest GM 4.6 of µg/dL.  

IEUBK was designed to predict the increased risk from lead exposure in the USA. 

IEUBK also has a disclaimer ‘Environmental exposures associated with blood lead levels 

above 30 µg/dl are above the range of values that have been used in the calibration and 

empirical validation of this model.’ (US Environmental Protection Agency, 2007). The 

disclaimer indicates that IEUBK might not be the appropriate tool to estimate the 

increased risk from lead exposure when the BLL are above 30 µg/dL. Despite this, the 

higher BLL results from the blood samples indicate higher MMR incidence rates than 

predicted earlier, and in turn, higher DALYs. 

 

VSL Calculations 

Even though OECD’s database contains 741 SP VSL estimates, my initial search 

only showed six studies containing some 34 VSL estimates which could be used for a 

possible BT. In this search I looked at countries only in the region of Indonesia, to reduce 

the risk of transfer errors from one country to another. Then I looked at studies performed 

in LMIC, followed by studies performed to reduce risk from a health and environmental 

perspective. Consequently, I did not use two VSL research estimates reported for traffic 

related policies. The third study that I ignored was the VSL estimates done in Cambodia, 

since the VSL estimates were calculated for the purpose of clearing land mines. Similar 

to traffic accidents, these aim to reduce immediate threats or risks rather than reducing 

long term risks. 
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The first study used to perform a BT was a study performed in Bangkok, 

Thailand, which estimated the VSL to reduce air pollution versus the VSL to reduce 

traffic accidents (Vassanadumrongdee & Matsuoka, 2005). Even though VSL was 

calculated for an urban area, a reduction in air pollution seems to be comparable with 

reductions in lead exposure. The WTP for a reduction in traffic accidents differs from the 

WTP for a reduction in air pollution as people perceive both risks differently. Air 

pollution, similar to lead exposure, is not perceived as an immediate threat but as a risk 

which results in health damage later in life. Vanssanadumrongdee et al. 

(Vassanadumrongdee & Matsuoka, 2005) show that the WTP to reduce risks due to 

future health damage is lower. This in turn will result in a lower VSL. The summaries of 

VSL for risk reductions in both (i.e., near versus long-term) categories are presented 

below:  

 

Table 7. VSL for two risk reduction examples in air pollution and traffic accidents 

((Vassanadumrongdee & Matsuoka, 2005) and (Organisation for Economic Co-operation 

and Development, 2012a).  

 

 

Even though the VSL differs for both categories, the authors themselves note that 

the differences between risk categories are smaller in comparison to outcomes from other 

studies. I have used the VSLs from the first column of Table 7 to calculate the VSL for 

its application in Indonesia as shown in Table 8. All are in 2005 dollars. A direct transfer 

of VSL from one location to another, assuming β = 0, shows a VSL for Indonesia of 

VSL to reduce risk of air 

pollution based on mean 

WTP in $2005

VSL to reduce risk of traffic 

accident risks based on mean 

WTP in $2005

Δ R = 30/1,000,000 923,599 955,447

Δ R = 60/1,000,000 668,813 902,367
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$923,544. This is equal to a WTP of 1.6% of an individual’s annual income (as estimated 

with GNI per capita) in 2005. Knowing Indonesia is a LMIC, it is unlikely that an 

Indonesian resident will have a WTP of 1.6% of his or her annual income. Therefore, it is 

more likely that β is higher than zero. I assumed that the WTP of an individual living in 

Indonesia has a β of two, indicating that reduction of risk due to lead exposures is seen as 

a luxury product. I justify this assumption by the fact that citizens in LMIC will be more 

occupied with short term risks due to their limited income. Given the limited financial 

resources, other causes of MMR may be prioritized first (e.g. adding iodine to their food).  

 

Table 8. VSL estimates Indonesia for a 30/1,000,000 and a 60/1,000,000 risk reduction in 

air pollution. 

 

 

Indonesia’s GNI, PPP has grown since 2005 from $5,790 to $10,190, indicating a 

growth of 76%. Having a VSL between $366,999 (β =2 & risk reduction 0.00003) and 

$265,479 (β =2 & risk reduction = 0.00006) in 2005 dollars will result in a VSL range 

between $645,242 and $467,244 in 2014 estimates.  

A second study that I used to calculate VSL is a Contingent Valuation (CV) study 

performed in China by Hammitt et al. (J. Hammitt & Zhou, 2006a). The WTP was 

Extrapolated VSL ΔR 

30/1,000,000 for GNI 

per Capita, PPP ($) = 

$5,790 (1)

Converted for 

WTP for 1 in 

10,000 risk 

change 

WTP as % of 

income of 

$5,790

Extrapolated VSL 

ΔR 60/1,000,000 

for GNI per Capita, 

PPP ($) = $5,790 

Converted for 

WTP for 1 in 

10,000 risk 

change 

WTP as 

percent of 

income of 

$5,790

Elasticity 0.0 923,599                    92.36 1.60% 668,813                66.88               1.16%

Elasticity 0.5 733,103                    73.31 1.27% 530,868                53.09               0.92%

Elasticity 1.0 581,898                    58.19 1.01% 421,374                42.14               0.73%

Elasticity 1.5 461,879                    46.19 0.80% 334,464                33.45               0.58%

Elasticity 2.0 366,614                    36.66 0.63% 265,479                26.55               0.46%

Note: 

(1) All income data from (World Bank, 2015b): Annual income Thailand 2005: $9,190, annual income Indonesia 2005: 

$5,790. annual income Thailand 2014: $13,840 and annual income Indonesia 2014: $10,190.
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measured to reduce health consequences (cold, chronic bronchitis and death) from air 

pollution.  In total, 3,700 in-person interviews were held in 3 types of areas: a large city 

(Beijing), a small city (Anqing) and a rural area of China (rural areas around Anqing). 

Questions interviewers asked were: (1) how much interviewees were willing to pay to 

prevent a cold; (2) how much interviewees were willing to pay to reduce the risk of 

developing chronic bronchitis for two hypothetical risk reductions scenarios (reduce risk 

from a current risk of 18% to a future risk of 17% and a risk reduction from a current risk 

18% to a future risk of 13%); and how much interviewees were willing to pay to reduce 

the risk of dying in the next year (a risk reduction from a current risk of 0.7% to a future 

risk 0.2% and a risk reduction from a current risk of 0.7% to a future risk of 0.1%). Then 

four different regression models were used to validate other dependent variables (i.e. age, 

current health, education, insurance, smoking habits etc.) and the VSL in the form of:  

1. a standard model (WTP continuous, WTP > 0); 

2. a two-part model (predict whether WTP ≥ 0, prediction size of WTP only if 

positive and use of answers to open-ended questions); 

3. a mixture model (WTP ≥ 0 and use of dichotomous-choice questions); 

4.  Turnbull estimates (calculating the lower and the upper bound based on the 

mean and median WTP which were calculated from the questionnaire-data).  

The authors note that the estimated VSL in all three locations for all three health 

consequences are between 100 and 1,000 times smaller than the US estimates. They 

therefore suggest that “our estimates of VSL for China should be interpreted cautiously, 

perhaps as lower-bound estimates.” (J. Hammitt & Zhou, 2006a; J. Hammitt & Zhou, 
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2006b). Recalculating the VSLs to Indonesia in 2014 dollars, give the results shown in 

Table 9.  

 

Table 9. VSL estimates considered for Indonesia based on Chinese estimates. 

 

 

Turnbull lower-bound estimates are not entirely consistent with the increase in the 

mean household income. It was expected that these lower-bound estimates would 

increase from a lowest estimate in rural areas, via a higher estimate in Anqing to the 

highest estimate in Beijing. However, the lower-bound estimate in Anqing is almost half 

($11,455) in comparison to the rural areas of Anqing ($21,300) even though the 

household income in Anqing is almost twice as much as household income earned in 

rural areas of Anqing. Another outlier in the table is the VSL calculated in the two-part 

model in rural areas of Anqing ($460,084). This value is four to five times larger in 

VSL based 

on median 

WTP ΔR 

0.0015 for 

GNI per 

Capita, PPP 

($) 

Mean 

household 

2005$ 

GDP-PPP

WTP in 

2005$ 

given 

VSL and 

R=0.0015 
(1)  

WTP as % 

Mean 

Household 

China

$2005

Extrapolated 

WTP 

Indonesia 

Based on 

2005 Income 

Extrapolated 

VSL to 

Indonesia GNI 

per Capita, 

PPP ($2005) = 

$5,790 (2)

Extrapolated 

VSL to 

Indonesia 

GNI per 

Capita, PPP 

($2014) = 

$10,190 (2)

Rural Areas Standard model 9,577 1,097 14 1.3% 76 50,541 88,949

Rural Areas Mixture model 10,775 1,097 16 1.5% 85 56,867 100,082

Rural Areas Two-part model 49,535 1,097 74 6.8% 392 261,421 460,084

Rural Areas Turnbull estimates 2,293 1,097 3 0.3% 18 12,103 21,300

Anqing Standard model 5,161 2,040 8 0.4% 22 14,649 25,780

Anqing Mixture model 5,137 2,040 8 0.4% 22 14,579 25,658

Anqing Two-part model 5,846 2,040 9 0.4% 25 16,592 29,202

Anqing Turnbull estimates 2,293 2,040 3 0.2% 10 6,509 11,455

Beijing Standard model 19,936 3,302 30 0.9% 52 34,954 61,517

Beijing Mixture model 19,936 3,302 30 0.9% 52 34,954 61,517

Beijing Two-part model 20,670 3,302 31 0.9% 54 36,241 63,782

Beijing Turnbull estimates 22,933 3,302 34 1.0% 60 40,208 70,764

Notes: 

(1) Recalculated Annual Risk Change by (Organisation for Economic Co-operation and Development, 2012a)

(2) (World Bank, 2015b)
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comparison with the estimates in the standard model and in the mixture model. For 

Anqing and Beijing the VLS estimates of the three models are more consistent. The 

authors give a few possible explanations for the differences between the VSL in the three 

areas:  

 In Beijing and Anqing 50% of the respondents are fully or partly covered by 

health insurance. In rural areas of Anqing only 3% of the respondents are 

covered by health insurance. A lower coverage or non-coverage might 

increase the WTP to avoid falling ill.  

 Between 4% and 34% of the interviewees had a maximum WTP of zero, 

which resulted in low VSLs. The authors state this is a significant portion, 

suggesting that other CV studies have a less WTP’s of zero. No further 

explanation is provided.  

The income difference between the US and China cannot fully explain why the 

calculated VSLs in China are between 100 and 1,000 times smaller than those for the US. 

Therefore, the authors suggest that the respondents did not take the large risk reduction 

into account. In most CV studies, risk reductions of 1 in 10,000 are analyzed. If the 

respondents would had had a similar WTP for low risk reductions as for high risk 

reductions, the VSL value would be expected to be much larger.  

Recalculating the Chinese rural VSLs (ignoring the outlier calculated in the two-

part model) in order to apply them for Indonesia gives a VSL estimate between almost 

$89,000 and $100,000. Despite the remarks made earlier and the fact that MMR as health 

consequence from lead exposure differs significantly from the measured health 

consequences (e.g., cold, bronchitis or death), this study might serve as a useful basis for 
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a lower-bound reference value for Indonesia. This is especially true given the fact that 

studies measuring VSL in LMIC are almost non-existent.   

A third study used to calculate a VSL for Indonesia is that done by Mahmud 

(2009). He investigated whether training of low educated respondents regarding 

probability and risk concept would result in different WTP’s in a CV study. This 

additional study is relevant as risk perception and probabilities are difficult concepts for 

individuals to understand, especially when respondents have a low level of education, 

which is more often the case in LMIC’s.  

 

Table 10. VSL estimates considered for Indonesia based on Bangladesh estimates. 

 

 

Again, the Bangladesh VSL estimates have very low values, ranging from a 

lowest value of $1,783 to a highest value of $2,933 (all in 2003 values) (Table. 10). 

These values applied to Indonesia in 2014 will give a lower estimate of $15,064 and a 

high estimate of $24,685. The VSLs calculated here are based on the mean WTP instead 

of the median WTP as the OECD database only had the mean values. It seems that the 

VSL was not based on the median WTP as the VSL would have been five to eight times 

lower than the VSLs shown above. Furthermore, the VSL does not increase with 

VSL 

Bangladesh 

based on 

Mean WTP 

$2003 (1)

Mean 

WTP 

$2003 
(2)

Annual risk 

reduction 
(3)

VSL 

Bangladesh 

based on 

Mean WTP 

$2005

WTP 

Bangladesh 

Mean

-- 2005$

GDP-PPP

WTP as % of 

Bangladesh GNI 

per Capita, PPP 

($2005) = $1,800 

WTP $ of 

Indonesia GNI 

per Capita, PPP 

($2005) = 

$5,790

WTP $ of 

Indonesia GNI 

per Capita, 

PPP ($2014) = 

$10,190

BT VSL 

Indonesia 

$2005 

ΔR = ↓25% over 5 years 1,783        8.43   0.004725 2,661        12.6         0.70% 40.4                 71.2                8,559     

ΔR = ↓50% over 5 years 1,844        11.63 0.006305 2,752        17.3         0.96% 55.8                 98.2                8,851     

ΔR = ↓25% over 5 years 2,922        11.61 0.003973 4,360        17.3         0.96% 55.7                 98.1                14,026   

ΔR = ↓50% over 5 years 1,863        16.78 0.009007 2,780        25.0         1.39% 80.6                 141.8              8,943     

No training 

Training 

(2) All income data from (World Bank, 2015b): Annual income Bangladesh 2005: $1,800, annual income Indonesia 2005: $5,790. Annual income Bangladesh 

2014: $3,330 and annual income Indonesia 2014: $10,190.

(1) From: Table 3 WTP for different sub-samples (Mahmud, 2009)

(3) Recalculated risk based on VSL Bangladesh $2003 and Mean WTP Bangladesh $2003 
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increased risk reduction as is to be expected. Also, training only increased the WTP with 

the smallest risk reduction but the WTP did not increase with the highest risk reduction.  

Similar to the China study, the author attributes the low VSL estimates to be the result of 

the large risk reduction studied here in comparison to other CV studies and suggests that 

“VSL tends to decrease rapidly when the size of the risk reduction increases” (Mahmud, 

2009). Another reason that could explain the low VSL estimates is income elasticity. 

Bangladesh is a low-income country and thus it expected that individuals who struggle in 

their daily survival are unwilling to pay an appropriate amount to possibly reduce the risk 

of dying in the next five years. However, the measured income elasticity in this study was 

0.43, implying that the risk reduction is a normal good. Doing a BT at different income 

elasticities to calculate VSL and recalculating this back to the % WTP of 2014 

Indonesian income, shows similar results to Table 10. Even though the author calculated 

an income elasticity of 0.43, intuitively it makes more sense to have an income elasticity 

of two. Table 11 shows the estimated VSLs at different income elasticities. With an 

income elasticity of two, the WTP as a percentage of the annual Indonesian income in 

2014 ranges from 0.13% to 0.29% in comparison to an income elasticity of 0.5 which 

ranges from 0.30% to 0.68%. With an income elasticity of two, the estimated VSL ranges 

from almost $47,000 to approximately $76,000. These VSLs are comparable with the 

lower-bound estimates of Hammit et al. (J. Hammitt & Zhou, 2006b) as shown in Table 

11.  
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Table 11. VSL estimates applied to Indonesia based on Bangladesh estimates for 

different income elasticities. 

 

 

Overall, only three studies were useful to perform a BT, whereby the last two 

studies serve as lower-bound estimates ranging from $89,000 to $100,000 and $47,000 to 

$76,000 respectively. A BT from reducing air pollution in Thailand with an income 

elasticity of 2 gives a range between $467,000 and $645,000.   

Robinson and Hammitt analyzed 17 VSL estimates related to air pollution risks in 

Sub-Saharan Africa (Robinson & Hammitt, 2009). An average VSL of $51,900 was 

estimated based on GNI, PPP 2007 and β = 1,5. The highest calculated VSL was for 

Equatorial Guinea (GNI per capita, PPP 2007 was $21,230) and was estimated to be $1.4 

million. The lowest calculated VSL was for Democratic Republic of the Congo and 

Liberia (GNI per capita of $290, PPP 2007) and resulted in high VSL estimate of 

$39,800. Therefore, the authors concluded that “the relatively wide ranges that result 

indicate the substantial uncertainty in the VSL estimates appropriate for countries in this 

Extrapolated 

VSL Indonesia 

to 

$2014 and PPP

β =0

Extrapolated 

VSL Indonesia 

to 

$2014 and PPP

β =0.5

Extrapolated 

VSL Indonesia 

to 

$2014 and PPP

β =1

Extrapolated 

VSL Indonesia 

to 

$2014 and PPP

β =1.5

Extrapolated 

VSL Indonesia 

to 

$2014 and PPP

β =2

ΔR = ↓25% over 5 years 15,064            19,984            26,512            35,171            46,659            

ΔR = ↓50% over 5 years 15,577            20,665            27,415            36,369            48,248            

ΔR = ↓25% over 5 years 24,685            32,748            43,444            57,634            76,459            

ΔR = ↓50% over 5 years 15,740            20,881            27,701            36,749            48,752            

% WTP of 

Indonesia  GNI 

per Capita, PPP 

($2014) = 

$10,190

β=0 

% WTP of 

Indonesia  GNI 

per Capita, PPP 

($2014) = 

$10,190

β=0.5 

% WTP of 

Indonesia  GNI 

per Capita, PPP 

($2014) = 

$10,190

β=1.0 

% WTP of 

Indonesia  GNI 

per Capita, PPP 

($2014) = 

$10,190

β=1.5 

% WTP of 

Indonesia  GNI 

per Capita, PPP 

($2014) = 

$10,190

β=2

ΔR = ↓25% over 5 years 0.47% 0.36% 0.27% 0.20% 0.15%

ΔR = ↓50% over 5 years 0.63% 0.48% 0.36% 0.27% 0.20%

ΔR = ↓25% over 5 years 0.40% 0.30% 0.23% 0.17% 0.13%

ΔR = ↓50% over 5 years 0.90% 0.68% 0.51% 0.39% 0.29%

No training 

Training 

No training 

Training 
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region”. Given this high uncertainty and the increased risk of transfer errors due to 

cultural and other demographic differences between Sub-Saharan Africa and Indonesia, I 

decided not to include the VSLs from their analysis.  

 

Combining DALYs with VSL 

One VSL is equal to one life lost. Assuming Indonesian males have a life 

expectancy of 68.8 years and females have a life expectancy of 72.2 years at birth (Badan 

Perencanaan Pembangunan Nasional & Badan Pusat Statistik, 2013), they can lose a 

maximum of 68.8 DALYs and 72.2 DALYs respectively. In 2013, it was estimated that 

there were 23,045,400 children in Indonesia between the age 0 and 4 years, with 51.4% 

boys and 48.6% girls (Badan Perencanaan Pembangunan Nasional & Badan Pusat 

Statistik, 2013). For the DALY calculation a weighted average of the life expectancy and 

the percentage of boys and girls of 70.4 years was calculated and used to translate 

DALYs in VSLs (Table 12).  

 

Table 12. Translating DALYs per 1,000 in Cinangka Indonesia to VSL estimates in 

dollars based on alternative BT options. 

 

 

 
  

Sample 

Area 

DALY's per 

1000 for age 

group 0 -4 years

Lower 

Bound

$467,000

Higher 

Bound

$645,000

Lower 

Bound

$89,000

Higher 

Bound

$100,000

Lower 

Bound

$47,000 

Higher 

Bound

$76,000

6A 14.1 $93,462 $129,085 $17,812 $20,013 $9,406 $15,210

3 20.2 $133,896 $184,931 $25,518 $28,671 $13,476 $21,790

6B 33.2 $220,066 $303,946 $41,940 $47,123 $22,148 $35,814

5 36.2 $239,952 $331,411 $45,730 $51,381 $24,149 $39,050

4 65.2 $432,178 $596,905 $82,364 $92,543 $43,495 $70,333

1 86.1 $570,713 $788,244 $108,766 $122,208 $57,438 $92,878

2 111.9 $741,729 $1,024,443 $141,357 $158,828 $74,649 $120,710

VSL estimates 

BT Thailand BT China BT Bangladesh
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Sensitivity Analysis Results 

A sensitivity analysis was done for all three models being used: the IEUBK 

model, the MMR spreadsheet and the DALY calculation spreadsheet. The results are 

described below.  

 

IEUBK Model 

The IEUBK model is divided into four components of lead exposure depending 

on the media: soil (including dust), air, diet and water. In each of these intake types, the 

default model was adjusted by two different levels of increase in the baseline media 

concentrations or intake rates (Table 13). 

 

Table 13. Overview of all adjustments made to key default values in IEUBK model. 

 

0-1 1-2 2-3 3-4 4-5 5-6 6-7

1. Total intake soil/dust (µg/g)

Default IEUBK 0.085 0.135 0.135 0.135 0.100 0.090 0.085

Sensitivity_double 0.170 0.270 0.270 0.270 0.200 0.180 0.170

Sensitivity_10% increase 0.094 0.149 0.149 0.149 0.110 0.099 0.094

Sensitivity_20% increase 0.102 0.162 0.162 0.162 0.120 0.108 0.102

2. Outdoor Air Concentration (µg/m
3
) 

Default IEUBK 0.1 0.1 0.1 0.1 0.1 0.1 0.1

Sensitivity_100 % ↑ 0.2 0.2 0.2 0.2 0.2 0.2 0.2

Sensitivity_500 % ↑ 0.5 0.5 0.5 0.5 0.5 0.5 0.5

3. Dietary Lead Intake (µg/day) 

Default IEUBK 2.26 1.96 2.13 2.04 1.95 2.05 2.22

Sensitivity_25 % ↑ 2.83 2.45 2.66 2.55 2.44 2.56 2.78

Sensitivity_50 % ↑ 3.39 2.94 3.20 3.06 2.93 3.08 3.33

Sensitivity_100 % ↑ 4.52 3.92 4.26 4.08 3.90 4.10 4.44

Sensitivity_500 % ↑ 11.30 9.80 10.65 10.20 9.75 10.25 11.10

4. Lead concentration in water (µg/L) 

Default IEUBK 4 4 4 4 4 4 4

Sensitivity_100 % ↑ 8 8 8 8 8 8 8

Sensitivity_500 % ↑ 20 20 20 20 20 20 20

Age category 
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In the sensitivity analysis, I did not amend all categories by the same percentages 

as I noticed during the sensitivity analysis that some media were more responsive than 

others (Table 14).  

An increase in exposure by any of the four media specific parameters will result 

in a higher GM BLL value. However, there are differences between the media. For 

example, a 10% increase in soil/dust intake rate will increase the BLL for all areas 

between 4% to 8%. A 500% increase in lead air concentration is required to get similar 

results. Furthermore, area 6 after clean-up is most sensitive to changes which can be 

logically explained that a small increase in an absolute low level will lead to a large 

percentage change. The table also shows increases in BLL values due to increases via 

dietary exposures. A 25% or 50% increase in dietary exposure will result in limited 

increases in BLL. A 500% increase in dietary exposure is needed to have significant 

impacts on BLL. Therefore, it seems unlikely, based on IEUBK model code, that 

someone will increase their BLL significantly by modifying his or her dietary exposure.  

An increase in BLL due to an increase in lead concentrations in water has a 

similar pattern as for dietary exposure. However, it seems more likely that individuals 

living in areas with high soil pollution may also be exposed to higher level of lead 

concentrations in water. For example, in area 2, the GM lead concentration in soil is 

about 15 times the allowable maximum level of 400 ppm. A five time increased lead 

concentration in water seems more plausible than a five-time increase in dietary lead 

exposures.  
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Table 14. Impact on BLL by changing default values in the IEUBK model. 

 

 

Overall, the most sensitive default value was found in the IEUBK model, 

influencing the predicted BLL values is the amount of soil/dust intake.   

 

MMR Incidence Spreadsheet 

The main difference between Lanphear’s (Lanphear et al., 2005) loss of IQ 

interval and Schwartz’s (Schwartz, 1994) loss of IQ interval is that Lanphear estimated a 

higher loss of IQ in the lower interval range than Schwartz. In the sensitivity analysis all 

BLL were adjusted based on the linear relationship between BLL and loss of IQ in the 

range 10 – 20 µg/dL. As Schwartz estimated the SD to be 0.41, the sensitivity analysis 

was done by adding either one SD or two SD to the baseline (Table 15). 

 

 

 

 

 

 

GM Soil 

(ppm)

GM BLL 

Base 

scenario 

GM BLL

Δ soil/dust 

intake 

10% ↑

GM BLL

Δ soil/dust 

intake 

20% ↑

GM BLL

Δ air 

concen-

tration 

100% ↑

GM BLL

Δ air 

concen-

tration 

500% ↑

GM BLL

Δ dietary 

intake 

25% ↑

GM BLL

Δ dietary 

intake 

50% ↑

GM BLL

Δ dietary 

intake 

100% ↑

GM BLL

Δ dietary 

intake 

500% ↑

GM BLL

Δ lead 

concen-

tration in 

water  

100% ↑

GM BLL

Δ lead 

concen-

tration in 

water  

500% ↑

Area 1 Red 2,438 16.9 18.0 19.1 17.0 17.1 17.0 17.0 17.1 17.6 17.1 17.6

Area 2 Yellow 5,892 29.4 31.1 32.7 29.5 29.6 29.4 29.5 29.5 29.9 29.5 29.8

Area 3 Green 417 4.6 5.0 5.3 5.0 4.9 4.7 4.8 4.9 5.8 4.9 5.7

Area 4 Pink 1,445 11.7 12.6 13.4 11.8 12.0 11.8 11.8 12.0 12.6 11.9 12.5

Area 5 Orange 703 6.9 7.4 7.9 6.9 7.2 6.9 7.0 7.1 7.9 7.1 7.8

Area 6 Before 645 6.4 6.9 7.4 6.5 6.7 6.5 6.6 6.7 7.5 6.7 7.4

Area 6 After 51 1.3 1.4 1.5 1.4 1.7 1.4 1.5 1.7 2.8 1.7 2.6
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Table 15. Changing Lanphear’s to Schwartz’ IQ baseline interval. 

 

 

Up to a BLL of 11.7 µg/dL Lanphear estimates higher MMR incidence rates in 

comparison to Schwartz for all three scenarios (Fig. 14). Above a BLL of 29.4 µg/dL 

Schwartz estimates higher MMR incidence rates. As noted earlier, Schwartz focused his 

meta-analysis on the BLL interval between 10 – 20 µg/dL. The range below 10 µg/dL 

was based on the assumption that there was a similar linear relationship, even though this 

might not be the case.  

 

 

 

 

2.4-10  10-20 20-30

Baseline Lanphear's  total IQ loss in interval 3.90 1.90 1.10

IQ loss per ug/dL 0.51 0.19 0.11

Schwartz's total IQ loss interval 1.95 2.57 3.50

IQ loss per ug/dL 0.26 0.26 0.35

Schwartz's total IQ loss interval + 1SD 2.36 2.98 3.91

IQ loss per ug/dL 0.31 0.30 0.39

Schwartz's total IQ loss interval + 2SD 2.77 3.39 4.32

IQ loss per ug/dL 0.36 0.34 0.43

BLL interval, ug/dl
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Figure 14. Impact of changing Lanphear’s IQ loss range to Schwartz’ IQ loss range on 

MMR incidence rate per 1,000 people.  

 

 

DALY Calculation Spreadsheet 

When age weighting is applied (k=1), the number of DALYs per 1,000 increases 

by 12% for all areas (Table 16). Increasing the DW by 10%, without age weighting will 

also increase the number of DALYs by 10%. An increase of the DW and application of 

age weighting will both increase the number of DALYs by 25%. 
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Table 16. Impact of applying age weighting and/or adjusting disability weighting.  

 

 

Cost Analysis 

Globally, Pure Earth has remediated six lead contaminated sites: Cinganka 

(Indonesia), Dong Mai (Vietnam), Thiaroye Sur Mer (Senegal), Zamfara (Nigeria), 

Montevideo (Uruguay) and Paraiso de Dios (Dominican Republic). A short description of 

each site is given in Appendix 4.  

An important question is which cost to use in a cost-benefit analysis of cleaning-

up lead contaminated waste sites.  One of the difficulties is that the work required to 

remediate an area is site specific. The size of the site, the local cost for labor, material 

costs, cost of new soil and cost equipment rental varies from country to country. 

Furthermore, remediation of the projects took place between 2008 and 2014, which 

results a difference in costs due to inflation.  

As the costs are site specific, I decided to include the total cost of all six sites to 

get a more complete picture and calculate the average cost of remediation to include in 

the cost benefit analysis.  

Baseline 

DALY's per 

1000 for age 

group 0 -4 years

k=0, DW=0.361

DALY's per 

1000 for age 

group 0 -4 

years

k=1, 

DW=0.361

DALY's per 

1000 for 

age group 0 -

4 years

k=0, DW ↑ 

10%

DALY's per 

1000 for age 

group 0 -4 

years

k=1, DW ↑ 

10%

DALY's per 

1000 for age 

group 0 -4 

years

k=0, DW ↓ 

10%

DALY's per 

1000 for age 

group 0 -4 

years

k=1, DW ↓ 

10%

Area 1 Red 86.1 98.2 94.7 107.9 77.5 88.3

Area 2 Yellow 111.9 127.6 123.1 140.4 100.7 114.9

Area 3 Green 20.2 23.0 22.2 25.3 18.2 20.7

Area 4 Pink 65.2 74.3 71.7 81.7 58.7 66.9

Area 5 Orange 36.2 41.3 39.8 45.4 32.6 37.2

Area 6 Before 33.2 37.8 36.5 41.6 29.9 34.0

Area 6 After 1.9 2.1 2.0 2.3 1.7 1.9
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Remediation costs (Table 17) of the six sites range from $131,000 in Cinangka to 

$442,845, resulting in an average of $250,028. The relatively low cost for remediation in 

Cinangka is due to the fact that only the soccer field was remediated.  The surrounding 

houses and streets were not cleaned to remove lead as some households in the community 

still recycle lead batteries and continue to contaminate the surrounding area with lead. 

Once these activities cease, Pure Earth will finish the clean-up by assisting the local 

community to clean their houses and remove lead from the streets. Specialists from Pure 

Earth estimate that another $150,000 is needed for this and would increase the total cost 

from $131,000 to $281,000. Also, the car battery recycling area in Paraiso de Dios was 

located on a hill which caused more widespread contamination of lead as the rain helped 

mitigate lead downhill. If this recycling area had been in a different location, the impact 

of lead contamination probably would have been lower.  
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Table 17. Costs of cleaning up lead contaminated sites. 

 

 

Cost-Benefit Analysis 

The section above titled ‘Combining DALY’s with VSL’ shows the lower and 

higher bound estimates of the benefits resulting from cleaning up of the sampled areas in 

order to avoid future incidence of MMR. In this final comparison I decided to use the 

lower bound benefits based on the BT of Thailand air pollution. The reason I choose 

Thailand is because Hammitt and Zhou (Hammitt & Zhou, 2006b) and Mahmud 

(Mahmud, 2009) both argue that their estimations are too low. Also, I think it is 

unreasonable to assume that the highest calculated VSL estimate to reduce the risk of 

MMR due to lead contamination is $100,000 leading to maximum benefit of $158,828 

for the most polluted sample area two. US EPA uses a default VSL of $6.3 million (for 

2006 income levels and expressed in 1999 dollar value) (National Research Council (US) 

Sites cleaned-up Preparation Cost
1,2,3 

Remediation Cost
1,2,4,5

Total Cost

Cinangka, Indonesia
30,000 101,000                                          131,000 

Dong Mai, Vietnam 
26,500 97,690                                            124,190 

Thiaroye Sur Mer, Senegal 38,425 74,487                                            112,912 

Zamfara, Nigeria 30,000                       403,164                                          433,164 

Montevideo, Uruguay 51,359                       204,697                                          256,056 

Paraiso de Dios, Dominican 

Republic
4 

130,565 312,280                                          442,845 

3 
Preparation cost consist off technical support from Pure Earth to analyze the options for clean, initial 

BLL testing, communications with community. 

5
 Cost of land clean-up, waste disposal en replacement by new top soil were paid for by the Dominican 

Republic Government. The cost are estimation and seem to be inflated. 

4 
Remediation cost consist of the removing contaminated soil and disposal in secure landfills, 

replacement by clean top soil or cement, clean residential houses and streets.

1 
Overview consists of a mixture of actual expenses and some budget information. The cost do not show 

information of the funding of these costs. Most cost were shared by Pure Earth and other NGO's and/or 

local governments. When available cost paid by other organizations were included such as Montevideo 

in Uruguay and Paraiso de Dios in the Dominican Republic. 
2
 None of the cost fully reflect all overhead cost from Pure Earth. 
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Committee on Estimating Mortality Risk Reduction Benefits from Decreasing 

Tropospheric Ozone Exposure, 2008) in their CBA to measure the benefits from 

NAAQS. Adjusting this VSL number for 2014 GNI per capita, PPP would result in a 

VSL of $7.2 million. The USA GNI per Capita in PPP in 2006 was $48,080 and in 2014 

$55,200 (World Bank, 2016). The difference between the VSLs I calculated earlier and 

the US EPA default value is too large to be only explained by cultural differences or the 

fact that Indonesia is LMIC.  

 

Table 18. CBA for all sample areas. 

 

 

The lower-bound VSL estimate based on the BT of Thailand resulted in a VSL of 

$467,000 and resulted in the lowest benefits for sample area three after comparing to an 

average clean-up cost (Table 18). This screening-level comparison shows that clean-up of 

lead in soil had the lowest economic beneficial value. On the other hand, remediating 

sample areas four, one and two seems beneficial from the point of view of health 

consequences compared to costs from a financial perspective, again if we assume the 

same average clean-up cost for each of the areas to be remediated. Clearly, depending on 

Sample 

Area 

Benefits avoiding 

MMR

Using Lower Bound 

VSL Estimate
1

Average Cost of 

Clean Up 

Lower Bound 

Benefits minus 

Average Costs 

3 $133,896 $250,028 -$116,132

6B $220,066 $250,028 -$29,962

5 $239,952 $250,028 -$10,076

4 $432,178 $250,028 $182,150

1 $570,713 $250,028 $320,686

2 $741,729 $250,028 $491,701
1
 Assuming a base population with 1,000 childeren living in the 

sample area. 
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the volume of contamination, area-specific clean-up costs may vary considerably. 

Unfortunately, it is not possible at this time to come up with comprehensive clean-up cost 

extrapolations to Indonesia that would incorporate site-specific details on pollution 

levels, size of contaminated area, populations impacted, etc. based on available 

international information. There seems to be a break-even point when lead exposures are 

predicted to cause 37.7 DALYs due to MMR per 1,000 children.  

This is a generic CBA based on the assumption that the population is 1,000 

children in each of the sample areas. There are exposure challenges due to mobility of 

children and the variation of lead pollution in the course of a day. In sample area six, for 

example, there are 1,200 children attending school and spending most of their outdoor 

time playing on a lead contaminated soccer field. Presumably these children live in 

different areas but attend the same school where the lead exposure takes place.  

 

Extrapolation from Cinangka to Indonesia 

Even though it is important to know the number of lead toxic waste sites globally, 

for example to estimate the health impacts posed by these sites, no information can be 

found in the published scientific literature. This information is not available because it is 

difficult and time consuming to produce a reliable estimate. For every toxic waste site 

found, Pure Earth registers those in the TSIP. On 31 December 2015 the database 

contained 3,200 toxic waste sites from 49 LMICs. For Indonesia, 152 sites were 

identified. Of this number, 27 sites have been identified as lead toxic waste sites. This is 

likely a small percentage of existing toxic waste sites in Indonesia. 
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In 2016 Pure Earth will publish a paper in which they estimate the number of 

heavy metal waste sites in Ghana. Based on the draft methodology used in that paper, I 

estimated the number of toxic lead sites in Indonesia. However, it is hard to validate 

whether this provides a reliable estimate. The methodology for Ghana will be described 

first, followed by an application of that methodology to Indonesia. An important 

assumption to estimate the number of heavy metal contaminated waste sites in Ghana, is 

that the number of waste sites increases with the size of the population living in an area 

and the size of the area itself. Ghana is divided into ten regions and every region is 

divided into administrative districts. There are 216 administrative districts. Of the eight 

largest regions, one district was randomly chosen to estimate the number of potential 

toxic waste sites. To find potential toxic waste sites, investigators of Pure Earth analyzed 

documentation of legacy sites (confirmed in public records). Furthermore, in villages, 

investigators walked around to identify tailing piles, visible particle emissions (e.g. 

smoke stacks) and/or industrial activities (e.g. mining, battery recylcing, electronic waste 

recycling, lead smelting, heavy industry etc.). Other identifers were visible-discolored 

water, unused industrial equipment in disrepair, smell of chemicals or oil, visibly stressed 

vegetation and/or visibly stained soil. Investigators went to all villages in the randomized 

selected districts but only investigated the areas which were populated. Legacy sites 

between villages were not used to get an overall estimation as it was assumed that these 

sites will not negatively impact the health of people living in these villages. Based on the 

mean number of sites found in the eight districts, regional estimates of the number of 

sites were calculated and a final estimate of the number of heavy metal toxic waste sites 

were estimated. Two different methods were used to extrapolate the district estimates: 
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‘cluster random sampling analysis’ and ‘simple random sampling analysis’. This resulted 

respectively in 1,561 and 1,944 sites heavy metal contaminated waste stes in Ghana. The 

first method used the estimated number of toxic waste sites for the area size of the district 

and extrapolated this number to the whole region and used it to estimate the number of 

waste sites for the population living in the district and then extrapolated this for the 

population living in the region. The outcome of both extrapolations (i.e., area and 

population based extrapolations) were then averaged. The second method calculated the 

arithmetic  mean number of heavy metal waste sites based on the actual counted wastes 

sites in the 8 sampled districts. In the 8 districts, 72 heavy metal waste sites were 

identified, which resulted in 9 heavy metal waste sites on average per district. This 

number was then used to get a country wide estimate with an equal weighting based on 

the regional area size and regional population size.  

For Indonesia, it was only possible to estimate the number of lead contaminated 

waste sites with the ‘cluster random sampling analysis’. Indonesia can be divided into 7 

geographical units (Java, Sumatra, Lesser Sunda Islands, Kalimantan, Sulawesi, Maluku 

Island and Western New Guinea). Each geographical unit can be further subdivided into 

provinces. In total there are 34 provinces (Fig. 15). However, for calculation purposes 33 

provinces were used as the Indonesia Bureau of Statistics only had census data for these 

33 provinces.  
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Figure 15. Geographical areas and provinces in Indonesia (Embassy of Indonesia, 2015). 

 

The total number of lead sites is partly based on the wastes sites found in 6 

provinces in 2 geographical areas. In contrast to Ghana, the number of provinces and 

geographical areas covered here is much lower. The total estimation of the number of 

lead sites is the sum of the extrapolation in the sampled provinces and the not sampled 

provinces (T = u +v).  
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u refers to the ‘sampled province extrapolation’, v to the ‘not sampled province 

extrapolation, xi is the number of sites found in province i, N refers to the number of 
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geographical areas sampled, M to the number of regions not sampled, Areaprovi is the 

area of province in km
2
, AreaGeoi refers to the geographical area i in km

2
, Pop provi is 

the population in province i, and PopGeoi is the population in geographical unit i.  

Appendix 5 shows an overview with the geographical units, provinces, areas size for each 

geographical unit and province, the population living in each geographical unit and 

province as per 2013 (Badan Perencanaan Pembangunan Nasional & Badan Pusat 

Statistik, 2013) and the number of lead sites per province.  

Filling in the data from Appendix 5 into the equations above results in an 

estimation of about 532 lead contaminated waste sites for the sampled provinces and 792 

sites for the non-sampled provinces, so 1,324 in total. Even though there is no current 

reference point, intuitively this number seems low. Indeed, this point was confirmed 

following a discussion of this calculated number with specialists working for Pure Earth. 

The likely cause is that the number of lead contaminated waste sites in TSIP are not 

representative for Indonesia as a whole.  

As an alternative, an extrapolation was undertaken based on the estimated number 

of heavy metal contaminated waste sites in Ghana. Ghana is 238,535 km
2
, this area is 

7.96 times smaller than Indonesia (with a land area of 1,899,435 km
2
). Population wise, 

Indonesia has almost 9.28 times the population of Ghana. So, on average Indonesia is 

8.62 larger (average of km
2
 and population) than Ghana. As noted earlier, the number of 

heavy metal contaminated waste sites was estimated to be 1,561 sites and 1,944 sites. Of 

this number, 37% refers to lead contaminated sites which results in 578 and 719 sites 

respectively. Assuming that the number of waste increases with area size and population 

size these two numbers can be multiplied by the 8.62 resulting in 4,981and 6,203 lead 
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contaminated sites. Averaging these two number results into 5,592 lead contaminated 

waste sites. This estimation is 4.22 times larger than the initial estimation of 1,324 lead 

contaminated waste sites in Indonesia.  

To ensure whether Pure Earth’s draft paper was reliable from a statistical point of 

view, I decided to perform a regression analysis to test the fundamental assumption that 

the number of heavy metal waste sites increase with area size and or population size. Pure 

Earth provided me the basic data to perform this regression analysis. Using population 

size and areas size as independent variables resulted in a model fit with R
2
 value of 0.47 

in which the area size nearly fully explained the total predicted variance or the R
2
. 

Analyzing the scatter plots showing the relationship between area size and the number of 

heavy metal waste sites showed a clear one leverage point. Taking out this data point and 

re-doing a new regression analysis resulted in a R
2
 of 0.026 which indicates no 

relationship between the number of waste sites and area size. Although the reasoning that 

area size may predict the number of contaminated sites makes intuitive sense, new 

indicators to predict the number of heavy metal waste sites have to be explored in the 

future. Instead of using general indicators such as area size and population, more specific 

predictors or surrogates are likely needed to predict the number of lead contaminated 

sites.  

Therefore, I decided to only note the benefits of cleaning up lead contaminated 

waste sites based on a low-end estimate and high-end estimate. Assuming that in a low-

end estimate Indonesia has 1,000 lead contaminated sites, based on Table 18 and the 

lowest calculated benefit in sample area four (GM soil contamination of 1,445 ppm and 

estimated BLL value of 11,7 µg/dL) will result in an overall financial gain of $182 
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million. Assuming a high-end estimate of 5,000 lead contaminated sites again based on 

sample area four will result in a financial gain which is five times larger in comparison to 

the low-end estimate of the number of lead contaminated waste sites.  
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Chapter IV 

Discussion 

 

I started the thesis with the hypothesis that Indonesia is underestimating the health 

costs caused by water and soil pollution from lead toxic waste sites, and that a cost 

benefit analysis will show that the benefits will outweigh the costs of remediation. 

Based on the cost-benefit analysis in this thesis there is good evidence to support 

the hypothesis, and that Indonesia is underestimating the health costs caused by water and 

soil pollution from lead toxic waste and that the cost benefits do outweigh the costs of 

remediation. This is especially so, given that the calculated benefits were based on 

avoiding MMR, which is the only one of the many health impacts associated with chronic 

lead exposures.  

 

Summary 

Lead toxicity can result in different health impacts. In this thesis, I focused on 

exposures to toxic lead in soil resulting in MMR in children. I received soil samples from 

Cinangka village and divided the village into six separate areas based on the land use of 

the area (residential, infrastructure or areas in which lead recycling is performed). The 

highest GM was calculated in sample area two and the lowest in sample area six after 

remediation. All GMs were entered into the IEUBK model to predict the BLL value of a 

hypothetical child living in one of those sample areas. In turn, the BLL values were then 

used to predict MMRs resulting from the modeled BLL values. Again, this predicted the 

highest MMR for sample area two, with 10.615 affected children per 1,000 children. The 
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lowest MMR incidence rate was predicted in sample area 6 after remediation and was 

estimated to be 0.176 per 1,000 children. Based on the MMR incidence rates, an 

estimation of the number of DALYs was made. It turns out there was an almost linear 

relationship between the MMR incidence rate and the number of DALYs. The estimated 

number of DALYs is approximately 10 times higher in comparison to the MMR 

incidence rate. To understand what these predictions mean for Cinangka, I used an 

estimation of the population density as estimated by the Oak Ridge National Laboratory.  

This changes the order of impact on the sample areas, as the lead exposure impact 

depends on the severity of lead exposure as well as the population density. Now sample 

area one is most negatively impacted by the chronic lead exposure as the population 

density is the highest there, followed by sample area two which had the highest predicted 

BLL values. When comparing the predicted BLL values, as calculated with the IEUBK 

model, and BLL levels measured on blood samples from 39 children in Cinangka, the 

predicted BLL values with the IEUBK model seems low. The BLL values of blood 

samples of 39 children showed an overall GM of 33.06 µg/dL with a median value of 

32.40 µg/dL. 

To convert DALYs into monetary amount, a BT was undertaken, using three air 

pollution VSL studies in Asia (Thailand, China and Bangladesh) to estimate a VSL for 

Indonesia. Only the BT from the Thailand study resulted in a reasonable VSL with a 

lower bound of $467,000 and higher bound of $645,242. In the CBA, the lower bound 

estimate of $467,000 was used. If a contaminated site had limited lead contamination, 

such as in sample area six after clean up, remediation would result in a $93,462 benefit. If 

a contaminated site was severely contaminated, such as sample area two, this would 
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result in a benefit of $741,729. Pure Earth has remediated six contaminated lead sites 

with an average cost of remediation of $250,028. In the CBA this suggests that, from a 

financial perspective, it is beneficial to remediate sample area four, one and two.  A 

break-even point is calculated at 37.7 DALYs.  

 

Limitations 

Preparing a cost-benefit analysis of cleaning lead contaminated waste sites has 

inherent limitations. First, the calculated benefits in this thesis are lower bound estimates 

as only the benefits of avoiding MMR were included in the benefits. As noted earlier 

chronic lead exposures might lead to cardiovascular diseases via an increase in systolic 

blood pressure, which in turn increases the risks of developing cardiovascular and 

cerebrovascular diseases (Fewtrell et al., 2004). Also, research has shown that high lead 

exposure in early childhood followed by a period of low lead exposure might result later 

in systolic blood pressure increase as stored lead may leach from the bones, where lead is 

stored, back into the bloodstream at a later age (Spivey, 2007). Therefore, even though 

policy changes such as lead removal from gasoline and paint, or in this case reducing 

exposures to lead contamination in waste sites via remediation, will reduce BLL in 

adults, such changes will not necessarily solve all health consequences of lead exposure 

as systolic blood pressure increase may still occur. Secondly, the benefits of avoiding 

intergenerational impacts of chronic lead exposure are not included in this work. MMR 

resulting from lead exposure is often linked to lower educational background of the 

mother and associated lower socioeconomic status. A low socioeconomic status is an 

important predictor of a child’s health. The higher the socioeconomic status, the better a 
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child’s health and vice versa (Wolfe, 2015). Lead exposure may result in a vicious circle 

between poor health resulting in a low socio economic status, resulting in poorer health 

and resulting in a lower socio economic status etc. Third, some health consequences are 

not measurable and therefore are not reflected in the benefits resulting from remediating 

lead contaminated waste sites. For example, lead may result in anemia. An individual 

impacted by anemia may not feel they are anemic as the body usually adapts to the lower 

levels of hemoglobin in the blood but the health status of this individual is one in which 

he or she does not reach his or her potential well-being.  

Although an accurate estimate of the number of lead contaminated sites in 

Indonesia would be of great benefit for policy-making purposes, it is difficult to obtain a 

reliable estimate for this key information. The numbers calculated in this thesis are a first 

attempt and by no means precise. For a more reliable estimate, new site-and geographic-

specific indicators are required in order to predict the number of heavy metal containing 

waste sites. These indicators may differ from those used in high income countries. 

Scientific research in the field of Environmental Justice in the USA show that socio 

economic variables, such as the percentage of poverty in a neighborhood (or economic 

deprivation), less than high school education and race predict the increases seen in the 

number of individuals living in areas close to contaminated sites (such as EPA’s 

Superfund sites) (Burwell-Naney et al., 2013), (Smith, 2009). Pure Earth published an 

article in which the relationship between socio economic variables (population, 

population density, unemployment, education and literacy) and contaminated land are 

analyzed for Ghana (Dowling, Ericson, Caravanos, Grisby, & Amoyaw-Osei, 2015). Of 

the socio economic variables, the unemployment rate and literacy rate showed the highest 
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correlation with the number of heavy metal contaminated waste sites. The literacy rate 

was positively correlated with the number of heavy metal contaminated waste sites, 

which differs from high income countries. Whether this also holds true in other LMIC 

needs to be confirmed in future research.  

I decided to use data for Cinangka in Indonesia as these data had the best quality, 

and using ORNL data was useful to estimate the number of people exposed to lead in five 

sample areas. However, for sample area six, this likely results in an underestimation of 

the MMR per 1,000 people. The reason being that ORNL only show the number of 

people living in an area but that does not necessarily represent the number of people 

spending their time in that or other polluted areas and therefore being exposed to lead 

contamination. The population density in ORNL for sample area six was low as there was 

a soccer field and four surrounding schools.  Using the ORNL data has another inherent 

problem, as babies in utero will not be counted even though their health might be 

negatively impacted by lead exposure during pregnancy via the umbilical cord blood 

connection to the mother. Miscarriages and premature births (possibly resulting in 

additional health impacts) have been associated with umbilical cord blood lead exposures 

(Hertz-Picciotto, 2000). Other possible health impacts of low-level lead exposures via 

umbilical cord blood are abnormal walking reflex and neonatal behavioral effects such as 

autonomic stability (Patel, Mamtani, Thakre, & Kulkarni, 2006).  

The BLL values of blood samples taken from 39 children showed an overall GM 

of 33.06 µg/dL with a median value of 32.40 µg/dL. Only one of the children was tested 

with a BLL lower than 10 µg/dL. The predicted BLL values based on soil samples in all 

six areas showed much lower BLL values. BLL values in sample area six before and after 
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clean up, sample area three and sample area five were all below 10 µg/dL (6.45 µg/dL, 

1.34 µg/dL, 4.62 µg/dL and 6.85 µg/dL respectively). Sample area one and two predicted 

significantly higher BLL values with 16.91 µg/dL and 29.4 µg/dL respectively. Still all 

predicted BLL values with the IEUBK model were significantly lower than for the 

children who were tested for their BLL values. This may be due to the fact that the 

samples taken from the children were not representative, that the IEUBK model may not 

be a fully reliable predictor for BLL values in areas that are highly contaminated with 

lead, or that the soil samples taken in Cinangka are not representative (maybe 

measurements taken were too low) for the areas investigated and therefore results in 

lower model predictions of the BLL values.  

Translating DALYs into VSLs has the significant benefit that it is a monetary 

value and therefore easier to understand. However, the reliability of the calculated VSL 

in this thesis depends on the quality and applicability of VSL calculated in other research. 

An increase in the number of VSL estimations in LMIC would be useful for 

policymaking purposes and useful to benchmark the calculations made in this thesis. 

Furthermore, the calculated VSL depends on the assumed elasticity. Scientific research 

indicates that the elasticity for high income countries differs from LMIC’s.  However, 

more research is needed on this topic in order to arrive at a better understanding of the 

importance of the elasticity.  

The main purpose of this thesis is to demonstrate a research methodology which 

can be used to undertake a CBA.  
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Future Directions 

Many assumptions have been made in order to be able to undertake a CBA. To 

improve the reliability of similar CBAs in the future, the following recommendations can 

be made:  

 Conduct a country-specific evaluation project in order to find specific 

indicators which predict the most contaminated areas. This would also require 

collecting additional samples randomly in order to confirm whether these 

indicators hold true. 

 Use questionnaires along with in-person interviews for determining hotspot 

areas in different villages and document these questionnaires and in person 

interviews.  

 When sites are being evaluated for remediation, heath impacts as observed by 

children and vulnerable adults should be documented.  

 The CBA might help to determine and confirm whether from a financial 

perspective the sites should be remediated.  

 The monetized health benefits estimated in this thesis can be extended by 

estimating other health impacts, such as the benefits of avoiding systolic blood 

pressure.  

 Develop standard and comprehensive field measurement protocols and apply 

these on all contaminated waste sites so that measurements are comparable 

from site to site and from area to area. 

 Improve and document exposure related information (for example, reliable 

population estimations including breakdown of age categories, the time 
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children play outdoor, activities of children, time spend in different 

microenvironments, as well as characterizing water and dietary intakes). 

 The IEUBK model seems to underestimate the BLL values and is not suitable 

for BLL values higher than 30 ug/dL; therefore, other lead modeling 

approaches have to be developed or investigated.  

 Analyze co-pollutant exposures, such as lead with mercury or lead and 

cadmium. 

 Develop a robust database to incorporate the disparate information to be 

collected.  

 Data collection and analysis methodologies have to be properly evaluated both 

internally and externally. 

 Additional information should be used in quantifying variability and 

uncertainty associated with the key analysis variables 

 Since exposure and risk calculations involve multiplying a number variables 

with varying degrees of uncertainties, a formal statistical methodology should 

be used to calculate the propagation of uncertainties (for example, by using a 

spreadsheet application tool such as Crystal Ball or @Risk).   
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Appendix 1 

Calculation of Lead-Induced MMR for Sample Area One 

 

Table 19. Example of spreadsheet used to calculate lead-induced MMR for sample area 

one.  

 

 

 

TOTAL 0 to 4 5 to 14 15+

Population (1000s) 238,519      23,454        44,684        170,381      

% in this age group 100% 10% 19% 71%

%urban 0.53            

Mean BPb urban population [ug/dl] 1.00 1.00 1.00

Mean BPb rural population [ug/dl] 16.91 1.00 1.00

Standard deviation, urban population 1.90            1.90            1.00            

Standard deviation, rural population 1.60            1.10            1.00            

Urban levels, proportion of population above indicated BPb levels

BPb = above 2.4 ug/dl 2.40     8.63% 8.63% 0.00%

BPb = above 5 ug/dl   5.00     0.61% 0.61% 0.00%

BPb = above 7.5 ug/dl   7.50     0.08% 0.08% 0.00%

BPb = above 10 ug/dl 10.00   0.02% 0.02% 0.00%

BPb = above 12.5 ug/dl 12.40   0.00% 0.00% 0.00%

BPb = above 15 ug/dl 15.00   0.00% 0.00% 0.00%

BPb = above 17.5 ug/dl 17.50   0.00% 0.00% 0.00%

BPb = above 20 ug/dl 20.00   0.00% 0.00% 0.00%

BPb = above 25 ug/dl 25.00   0.00% 0.00% 0.00%

BPb = above 30 ug/dl 30.00   0.00% 0.00% 0.00%

Rural levels, proportion of population above indicated BPb levels

BPb = above 2.4 ug/dl 2.40     100.00% 100.00% 100.00%

BPb = above 5 ug/dl   5.00     99.52% 99.52% 99.52%

BPb = above 7.5 ug/dl   7.50     95.82% 95.82% 95.82%

BPb = above 10 ug/dl 10.00   86.82% 86.82% 86.82%

BPb = above 12.5 ug/dl 12.40   74.54% 74.54% 74.54%

BPb = above 15 ug/dl 15.00   60.06% 60.06% 60.06%

BPb = above 17.5 ug/dl 17.50   47.09% 47.09% 47.09%

BPb = above 20 ug/dl 20.00   36.05% 36.05% 36.05%

BPb = above 25 ug/dl 25.00   20.27% 20.27% 20.27%

BPb = above 30 ug/dl 30.00   11.13% 11.13% 11.13%
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Urban levels, proportion of population within indicated BPb interval

BPb 2.4 - 5.0 ug/dl urban 8.0% 8.0% 0.0%

BPb 5.0 - 7.5 ug/dl urban 0.5% 0.5% 0.0%

BPb 7.5 - 10 ug/dl urban 0.1% 0.1% 0.0%

BPb 10 - 12.5 ug/dl urban 0.0% 0.0% 0.0%

BPb 12.5 - 15.0 ug/dl urban 0.0% 0.0% 0.0%

BPb 15 - 17.5 ug/dl urban 0.0% 0.0% 0.0%

BPb 17.5 - 20 ug/dl urban 0.0% 0.0% 0.0%

BPb 20 - 25 ug/dl urban 0.0% 0.0% 0.0%

BPb 25 - 30 ug/dl urban 0.0% 0.0% 0.0%

above BPb 30 ug/dl urban 0.0% 0.0% 0.0%

Rural levels, proportion of population within indicated BPb interval

BPb 2.4 - 5.0 ug/dl rural 0.5% 0.5% 0.5%

BPb 5.0 - 7.5 ug/dl rural 3.7% 3.7% 3.7%

BPb 7.5 - 10 ug/dl rural 9.0% 9.0% 9.0%

BPb 10 - 12.5 ug/dl rural 12.3% 12.3% 12.3%

BPb 12.5 - 15.0 ug/dl rural 14.5% 14.5% 14.5%

BPb 15 - 17.5 ug/dl rural 13.0% 13.0% 13.0%

BPb 17.5 - 20 ug/dl rural 11.0% 11.0% 11.0%

BPb 20 - 25 ug/dl rural 15.8% 15.8% 15.8%

BPb 25 - 30 ug/dl rural 9.1% 9.1% 9.1%

above BPb 30 ug/dl rural 11.1% 11.1% 11.1%

Total proportion of population within indicated BPb interval

Tot. pop. rate 2.4 - 5 ug/dl tot 0.05            0.05            0.00            

Tot. pop. rate 5 - 7.5 ug/dl tot 0.02            0.02            0.02            

Tot. pop. rate 7.5 - 10 ug/dl tot 0.04            0.04            0.04            

Tot. pop. rate 10 - 12.5 ug/dl tot 0.06            0.06            0.06            

Tot. pop. rate 12.5 - 15 ug/dl tot 0.07            0.07            0.07            

Tot. pop. rate 15 - 17.5 ug/dl tot 0.06            0.06            0.06            

Tot. pop. rate 17.5 - 20 ug/dl tot 0.05            0.05            0.05            

Tot. pop. rate 20 - 25 ug/dl tot 0.07            0.07            0.07            

Tot. pop. rate 25 - 30 ug/dl tot 0.04            0.04            0.04            

Tot. pop. rate above 30 ug/dl tot 0.05            0.05            0.05            
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Rate of illness per 1000 people

IQ (1) - loss of points * 0.67 45

IQ (1) - loss of points * 1.98 20

IQ (1) - loss of points * 3.26 42

IQ (1) - loss of points * 4.14 57

IQ (1) - loss of points * 4.61 67

IQ (1) - loss of points * 5.09 60

IQ (1) - loss of points * 5.56 51

IQ (1) - loss of points * 6.08 74

IQ (1) - loss of points * 6.63 43

IQ (1) - loss of points * 6.90 52

BP (1) +0.625 mmHg (5-10BPb) 59

BP (2) +1.975 mmHg (10-15BPb) 125

BP (3) + 3.125 mmHg (15-20BPb) 112

BP (3) + 3.75 mmHg (>20BPb) 168

Regional adjustment ratio for MMR 3.25     

MMR for age 0-4, incidence 8.164          

MMR for age 0, incidence 40.820        
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Appendix 2 

Calculation of DALY for Sample Area One fix as per Appendix 1 

 

Table 20. Example of spreadsheet used for the DALY calculation in sample area one. 

 

 

 

YLD template

Population Incidence Incidence Age at Duration Disability YLDs YLD per

per 1,000 onset (years) Weight 1,000

Males

0-4     12,048,700   98,366 8.164 1.0 67.8 0.361       1,028,829 85.38922

5-14 22,875,800   0 0 10.0 0.0 0.000 -                0.00000

15-29 31,685,200   0 0 22.5 0.0 0.000 -                0.00000

30-44 27,629,100   0 0 37.5 0.0 0.000 -                0.00000

45-59 17,309,300   0 0 52.5 0.0 0.000 -                0.00000

60-69 5,218,000     0 0 65.0 10.0 0.000 -                0.00000

70-79 2,041,733     0 0 75.0 5.0 0.000 -                0.00000

80+ 1,044,867     0 0 85.0 3.0 0.000 -                0.00000

Total 119,852,700 98,366          0.8 1.0 67.8 0.36 1,028,829     8.58411

Females

0-4     11,405,700   93,116 8.164 1.0 71.8 0.361 990,498        86.84240

5-14 21,807,800   0 0 10.0 0.0 0.000 -                0.00000

15-29 31,402,200   0 0 22.5 0.0 0.000 -                0.00000

30-44 27,436,500   0 0 37.5 0.0 0.000 -                0.00000

45-59 16,881,800   0 0 52.5 0.0 0.000 -                0.00000

60-69 5,589,900     0 0 65.0 10.0 0.000 -                0.00000

70-79 2,618,200     0 0 75.0 5.0 0.000 -                0.00000

80+ 1,524,000     0 0 85.0 3.0 0.000 -                0.00000

Total 118,666,100 93,116 0.8 1.0 71.8 0.36 990,498        8.34694

Total DALYS =YLD male + YLD female

Population DALYs DALYs Population DALYs DALYs Population DALYs DALYs 

per per per

1,000 1,000 1,000

Age

0-4     12,048,700    1,028,829      85.4     11,405,700   990,498        86.8     23,454,400    2,019,327   86.1     

5-14 22,875,800    17,754           0.8       21,807,800   11,298          0.5       44,683,600    29,053        0.7       

15-29 31,685,200    50,523           1.6       31,402,200   32,013          1.0       63,087,400    82,535        1.3       

30-44 27,629,100    72,107           2.6       27,436,500   57,100          2.1       55,065,600    129,207      2.3       

45-59 17,309,300    180,985         10.5     16,881,800   135,866        8.0       34,191,100    316,851      9.3       

60-69 5,218,000     206,899         39.7     5,589,900     172,640        30.9     10,807,900    379,539      35.1     

70-79 2,041,733     211,896         103.8   2,618,200     228,126        87.1     4,659,933     440,022      94.4     

80+ 1,044,867     138,558         132.6   1,524,000     156,602        102.8   2,568,867     295,160      114.9   

Total 119,852,700  1,907,552      15.9     118,666,100 1,784,143     15.0     238,518,800  3,691,695   15.5     

Males Females Persons
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Appendix 3 

Blood Lead Level Test Results 

 

Table 21. BLL test results from 44 children taken on August 7, 2010 in Cinganka.  

 

  

No Age BLL (µg/dL) No Age BLL (µg/dL)

1 n/a n/a 23 7 49.6

2 6 30.4 24 8 n/a

3 7 38.6 25 7 42.8

4 7 31.2 26 7 52.2

5 7 36.7 27 8 31.4

6 6 27.3 28 8 59.3

7 6 25.6 29 7 32.5

8 6 n/a 30 7 30.9

9 5 24.7 31 7 54.7

10 6 36.7 32 7 HI

11 7 31.1 33 10 32.4

12 7 25.2 34 6 28.6

13 6 16.2 35 6 24.5

14 8 44.1 36 6 29.8

15 7 31.3 37 6 43.6

16 7 34 38 6 52.2

17 6 37.6 39 6 33.7

18 5 25.9 40 6 26.8

19 6 36.2 41 6 29.5

20 6 n/a 42 6 24.9

21 7 45.6 43 6 8.9

22 7 54 44 6 39.6
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Appendix 4  

Description of Clean-Up at Lead Sites 

 

Cinangka, Indonesia: Cinangka was impacted by lead poisoning due to the 

existence of small-scale lead acid battery recycling (Pure Earth, 2014c). The town was 

also impacted by a landfill containing waste from the small-scale lead acid battery 

recycling activities.  Pure Earth conducted remediation activities between September 

2013 and March 2014. Remediation was mainly focused on cleaning up a football field in 

the center of the village which was located next to a local school and thereby exposing 

many children to lead. A landfill was located below the football field. The landfill was 

excavated up to a depth of 2 meter, removing 2,850 m
3
. After that soil was encapsulated 

and filled with 1.5-meter new clean soil and 0.5-meter clean top soil.  

Dong Mai, Vietnam: Dong Mai has been impacted by severe lead poisoning 

caused by informal Used Lead Acid Battery (ULAB) recycling (Pure Earth, 2014a). 

Remediation was performed between July 2013 and February 2015 and consisted of 

community and worker lead hygiene education, capping contaminated soils with a 

geotextile layer and replacement by clean soil, cement, or paver bricks. Furthermore, 

highly contaminated homes and roads cleaned and the construction of changing facility 

for workers in the lead contaminated industrial zone to prevent migration of lead to 

residential areas.  

Thiaroye Sur Mer, Senegal: Informal recycling and disposal of used lead acid 

batteries from cars (ULAB) caused the death of 18 children in Thiaroye Sur Mer in 
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Senegal (Blacksmith Institute, 2014), (Vogt, 2009). Remediation started in March 2008 

and consisted of removing 2.500 m
3
 of material which were contaminated with lead, 

cleaning of 80 homes, providing community education to the village to avoid future 

contamination by lead. BLL’s of children in the village are still being monitored. 

Zamfara, Nigeria: Informal artisanal gold ore processing caused acute lead 

poisoning. It was estimated that 400 children died and that many more children were at 

risk for acute lead poisoning or impacted by long term health impacts due to lead toxicity 

(Pure Earth, 2014b), (Doctors without Borders, 2012). Remediation was done in seven 

highly contaminated villages and was conducted between June 2010 till March 2011.  

Remediation consisted of removal of contaminated topsoil, disposal of it in secured 

landfills and replacement by clean top soil.  Housecleaning and cleaning of compounds to 

remove lead contaminated dust. Educational program to train local people how to remove 

lead from lead contaminated homes. Remediation of 23 gold processing areas and 

providing education to avoid reoccurrence of lead poisoning.  

Montevideo, Uruguay: Informal recycling of electronics and cables carried out in 

informal settlements which previously were industrial areas resulted in lead poisoning in 

children. Remediation was implemented in two phases. First, one pilot area was used to 

educate local government official how to remediate a contaminated lead site (e.g. 

removing contaminated top soil, transport contaminated to municipal waste site and 

replacement by new clean top soil). Second, identification of eight other contaminated 

areas and clean up these areas in a similar way as during the pilot phase. Furthermore, 

local communities were educated about the health impacts of the informal recycling of e-
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waste and cables. In total for all 9 project, 381 tons of contaminated soil and debris were 

removed.  The projects took place between October 2013 and December 2014.  

Paraiso de Dios, Dominican Republic: A car battery recycling plant caused lead 

contamination even though the facility was closed in 1997 (Blacksmith Institute, 2006). 

The recycling plant was located on top of hill and was surrounded by poor communities 

with dirt floor houses. Via rainwater runoff, lower areas of the village were also 

contaminated with lead (Blacksmith Institute, 2009). Remediation took place between 

December 2008 and March 2009 and consisted of removing 6,000 m
3
 contaminated soil 

and disposed of in a lined pit specifically constructed for the disposal of the lead 

contaminated soil. Also stakeholder group communication meetings were held and health 

educational meetings were organized.  
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Appendix 5 

Overview Provinces, Geographical Units, Area Size and Population 

 

Table 22. Overview Provinces, Geographical Units, Area Size and Population in 

Indonesia as per 2013 

 

 

 

  

Province Geographical Unit Area (km2)

% of Area 

Indonesia 

Geographical 

Unit (km2)

Population in 

province

Population in 

Geographical 

Unit

% of 

Population 

Indonesia 

Population 

Density

(# per km2)

Number 

of Lead 

Sites

1 Banten Java 9,662        0.509% 137,435         11,452,500    141,985,600 4.6% 605           0

2 Jakarta Java 664           0.035% 137,435         9,969,900      141,985,600 4.0% 15,015      2

3 Jawa Barat (West) Java 35,377      1.863% 137,435         45,340,800    141,985,600 18.2% 1,282        17

4 Java Tengah (Central) Java 40,800      2.148% 137,435         33,264,300    141,985,600 13.4% 815           1

5 Yogyakarta Java 3,133        0.165% 137,435         3,594,900      141,985,600 1.4% 1,147        5

6 Jawa Timur (East) Java 47,799      2.516% 137,435         38,363,200    141,985,600 15.4% 803           0

7 Aceh Sumatra 57,956      3.051% 455,201         4,811,100      53,539,000   1.9% 83             0

8 Sumatera Utara (North) Sumatra 72,981      3.842% 455,201         13,590,300    53,539,000   5.5% 186           1

9 Sumatera Barat (West) Sumatra 16,424      0.865% 455,201         5,066,500      53,539,000   2.0% 308           0

10 Riau Sumatra 87,023      4.582% 455,201         6,033,300      53,539,000   2.4% 69             0

11 Jambi Sumatra 50,058      2.635% 455,201         3,286,100      53,539,000   1.3% 66             0

12 Sumatera Selatan (South) Sumatra 91,592      4.822% 455,201         7,828,700      53,539,000   3.1% 85             0

13 Bengkulu Sumatra 19,919      1.049% 455,201         1,814,400      53,539,000   0.7% 91             0

14 Lampung Sumatra 34,623      1.823% 455,201         7,932,100      53,539,000   3.2% 229           0

15 Bangka Belitung Sumatra 16,424      0.865% 455,201         1,315,100      53,539,000   0.5% 80             1

16 Riau Islands (Kepulauan Riau) Sumatra 8,201        0.432% 455,201         1,861,400      53,539,000   0.7% 227           0

17 Bali Lesser Sunda Islands 5,780        0.304% 73,070           4,056,300      13,721,100   1.6% 702           0

18 Nusa Tenggara Barat (West) Lesser Sunda Islands 18,572      0.978% 73,070           4,710,800      13,721,100   1.9% 254           0

19 Nusa Tenggara Timur (East) Lesser Sunda Islands 48,718      2.565% 73,070           4,954,000      13,721,100   2.0% 102           0

20 Kalimantan Barat (West) Kalimatan 147,307    7.755% 550,253         4,641,400      14,751,400   1.9% 32             0

21

Kalimantan Tengah/Utara 

(North/Middle) Kalimatan 224,740    11.832% 550,253         2,384,700      14,751,400   1.0% 11             0

22 Kalimantan Selatan (South) Kalimatan 38,744      2.040% 550,253         3,854,500      14,751,400   1.5% 99             0

23 Kalimantan Timur (East) Kalimatan 139,462    7.342% 550,253         3,870,800      14,751,400   1.6% 28             0

24 Sulawesi Utara (North) Sulawesi 13,851      0.729% 188,520         2,360,400      18,216,900   0.9% 170           0

25 Sulawesi Tengah (Middle) Sulawesi 61,841      3.256% 188,520         2,785,500      18,216,900   1.1% 45             0

26 Sulawesi Selatan (South) Sulawesi 46,717      2.460% 188,520         8,342,000      18,216,900   3.4% 179           0

27 Sulawesi Tenggara (South/East) Sulawesi 38,067      2.004% 188,520         2,396,700      18,216,900   1.0% 63             0

28 Gorontalo Sulawesi 11,257      0.593% 188,520         1,098,000      18,216,900   0.4% 98             0

29 Sulwesi Barat (West) Sulawesi 16,787      0.884% 188,520         1,234,300      18,216,900   0.5% 74             0

30 Maluku Maluku Islands 46,914      2.470% 78,896           1,628,400      2,743,300     0.7% 35             0

31 Maluku Ultara (North) Maluku Islands 31,982      1.684% 78,896           1,114,900      2,743,300     0.4% 35             0

32 Papua Barat (West) Western New Guinea 97,024      5.108% 416,060         828,300         3,860,800     0.3% 9               0

33 Papua Western New Guinea 319,036    16.796% 416,060         3,032,500      3,860,800     1.2% 10             0

Total 1,899,435 248,818,100  100% 27
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