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Abstract 

Child labour continues to be a major concern in developing countries. One of the main 

issues with child labour is that it interferes with a child’s right to education as the 

majority of child labourers ⁠ do not attend school due to employment. In this study, we 

consider the issue in Bangladesh where education rates have recently stagnated 

despite economic growth, which typically leads to an increase of education rates. The 

Bangladeshi economy is driven by its export sector, which relies on low-cost labour 

and it is plausible that children are not attending school in order to work. To test the 

claim, we combine novel spatial data on the locations over 11,000 exporting firms with 

over 95,000 similarly geo-located child survey responses from three waves of the 

Bangladesh Household Income and Expenditure Survey. Using matching techniques, 

we show that, when controlling for external factors, such as household income, 

students living closer to an exporting firm are more likely to report work and less likely 

to report attending school, providing evidence to suggest that the exporting sector 

may be influencing macro trends in Bangladesh school attendance.  
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Introduction 

 

Child labour is a global concern that affects about 150 million children worldwide, 

impacting nearly 10% of the world’s children (International Labour Office, 2014). Child 

labour has been linked to a number of socio-economic and physical consequences 

(Beegle et al. 2008; Posso 2019) and, resultantly, is a widely condemned practice. The 

Labour Organization Convention has held two major conventions on the topic of child 

labour—the Minimum Age Convention in 1973 and the Worst Forms of Child Labour 

Convention in 1999. The UN Convention on the Rights of the Child declared child 

labour as a human rights issue and outlined the need for its elimination (Bangladesh 

Bureau of Statistics, 2015).  

 

Not only does child labour exploit and harm the health and wellbeing of children, it is 

also a critical barrier to development. Employment interferes with a child's education, 

often causing children to drop out early or to never begin attending school, thus 

impeding chances to gain valuable skills and knowledge necessary to secure well-

paying jobs. Various international organizations have taken steps to combat child 

labour. Studies show that many families in developing countries, especially in rural 

locations, are more likely to encourage their children to work rather than attend 

school to provide additional income for the household (Banerjee et al.  2006; 

Edmonds, 2007). Convenience and proximity to employment opportunities is an 

additional reason children seek work (Kain, 1992; Ihlanfeldt and Sjoquist, 1998; Ong 

and Blumenberg, 1998; Allard and Danziger, 2002; Aslund et al. 2009). The most 

common place of work for child labourers is in a factory or workshop, and these 

locations account for about 38% of the total child workforce (Sikder, 2019).  

 

While poverty is recognized as the primary reason that families underinvest in their 

children’s education (Maitra, 2003), not all poor children leave school for work. In this 

paper, we investigate the extent to which opportunity for children to work determines 

if children trade school for labour. Using spatial data on both exporting firms and 

households in Bangladesh to assess this claim, we find that children who are closer to 

an exporting firm are less likely to attend school and more likely to report being 

employed. While somewhat intuitive, empirically establishing this connection has 

important implications. First, the findings speak to an increasing literature that 

considers heterogeneity in sub-national development outcomes. Child labour rates 

may vary considerably within a country which can have profound distributional 

consequences. Second, the findings illustrate that there may well be a trade-off, or an 

“educational Kuznets curve”, wherein increased growth (especially locally) may lead 

to increases in child labour usage and decreased educational outcomes.   
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In the following sections, we first investigate the reasons for child labour usage, 

highlighting how these rationales may be dependent or conditional on proximity to 

work opportunities, and discuss how labour and education may act as substitutes. We 

then briefly describe the child labour and educational situations in Bangladesh, 

including a discussion of policies and programmes in both of these areas. We then use 

micro-level spatial data and matching techniques to evidence that relative proximity 

to exporting firms both increases the likelihood of children working but also decreases 

the likelihood of attending school. Finally, we conclude with thoughts on the 

implications of the study for broader questions in the field. 

 

Child Labour: Causes and Consequences 

 

Child labour—as defined by the ILO—is the exploitation of children through work that 

denies children their right to their childhood, is harmful in any way, and/or interferes 

with their ability to attend school (International Labour Office, 2004). Child labour is 

dangerous and, in many cases, harmful to children. It also negatively impacts societal 

development and a child’s personal development. Child labourers experience 

strenuous, long working hours and suffer from physical, psychological, and emotional 

harm and abuse (Bangladesh Bureau of Statistics, 2015). These poor conditions are a 

threat to a child’s basic rights and hinders their development, which jeopardises      

their future. Child labourers generally lose the ability to work at a young age due to 

health issues. Furthermore, employment interferes with a child's right to education, 

which is crucial in gaining human capital—or the valuable skills, knowledge, and 

experience an individual can acquire—and is especially important to secure better 

employment. Typically, child labourers come from low-income households, thus 

perpetuating the poverty cycle (Heltberg and Johannesen, 2002; Maitra, 2003; Shafiq, 

2007a).  

 

Beyond its direct impact on children, child labour also an economic threat to countries. 

Child labour prevents the fulfilment of the 2030 Agenda for Sustainable Development 

Goals (SDG) Goal 4, “ensure inclusive and quality education for all” (United Nations, 

2020). According to a study by the International Labour Organization (ILO), eliminating 

child labour and providing education for all children produces a predicted gain of an 

estimated US$5 trillion over 20 years (International Labour Office and International 

Programme on the Elimination of Child Labour (IPEC), 2004). The study also found that 

providing quality education for all children predicted an increase in innovation rates, 

productivity rates, and economic competition in a country.  

 

There are various push and pull factors that lead to children seeking employment. One 

of the main push factors is poverty. Poverty is the primary reason that families 

underinvest in their child’s education (Maitra, 2003; Shafiq, 2007b). Udry (2006, p. 
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243) argues that child labour is “a symptom of poverty” that can only be eradicated or 

dramatically decreased by the reduction of poverty. Poverty and child labour are 

linked to education as not sending children to school prevents families from receiving 

the higher wages that coincide with educational attainment, which in the long term 

could help families fight the poverty cycle (Shafiq, 2007b; Mukherje and Das, 2008). 

However, on many occasions, the immediate household need of child labour wages is 

perceived as greater than the long-term reward. Banerjee and Benabou (2006, p. 3) 

write that the concern with child labour is the “sacrifice of a child’s future welfare in 

exchange for a current benefit to the household.” Many families in developing 

countries, especially in rural areas, are more likely to have children that engage in child 

labour for survival reasons (Edmonds, 2007).  

 

In contrast, higher income is generally due to the higher education level of both 

parents, which also contributes to education promotion (Khanam, 2008). Edmonds 

(2001), Admassie (2002), Wahba (2006), and Tuttle et al. (2001) found that an increase 

in household income, particularly when acquired by the parents, is associated with a 

decrease of child labour and increase in school enrolment. This is called the “positive 

income effect” (Banerjee and Benabou, 2006). Kana et al. (2010) and Rosati and 

Tzannatos (2006) also found a “positive income effect” even if only the mother was 

educated. While Sultan et al. (2021) find that adolescents in poor areas of Dhaka have 

high educational aspirations, those are not always translated into educational 

outcomes with poverty acting as a barrier to realizing those goals. Studies have shown 

that the investment in education is worth the trade-off, for both individuals and their 

household, of not being employed and acquiring income as a child, due to the increase 

in human capital (Basu and Van, 1999; Dessy, 2000; Razzaz, 2001; Hazan and Berdugo, 

2001; Emerson and Souza, 2003; Bell and Gersbach, 2009). 

 

Poor quality and high costs of education are also push factors for child labour. In some 

cases, due to the low quality of schools in rural or poorer areas, the costs of education 

do not match the expected benefit of graduates, and employment is a more enticing 

option (PROBE Team, 1999; Ray, 2002; Mukherje and Das, 2008). Although many 

countries have abolished tuition fees, there are still many hidden costs that prohibit 

households from being able to afford basic education (Grenze, 2007). These additional 

expenditures include examination fees, activity costs, and private tutors (Ahmed, 

Ahmed, Khan, Ahmed, 2007; Trines, 2019). Unlike primary school, secondary school is 

often not free and therefore is much more expensive due to tuition fees and uniform 

costs (Grenze, 2007). These high educational costs make it difficult for households to 

afford the annual fees, which cause many students to work rather than enrol in school 

or to drop out during the school year.  
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Geographical distance to employment is the main pull factor for poorer households. 

When considering adult employment, several studies find that proximity to 

employment opportunities increases employability of an individual (McQuaid and 

Lindsay, 2005) and likelihood that the individual will work (Kain, 1992; Ihlanfeldt and 

Sjoquist, 1998; Ong and Blumenberg, 1998; Allard and Danziger, 2002; Aslund, Osth 

and Zenou, 2009). Fafchamps and Wahba (2006) found that children living near or 

inside urban centres spend more time working in the industry sector than those in 

more rural locations. Fafchamps and Shilpi (2003) also found that in Nepal, 

employment in the industry sector increased near local market centres, although not 

as much as it increased near urban centres.  

 

Child labour is especially enticing for exporting firms from an economic perspective 

because it is much cheaper than adult labour (Levison, 1996; Anker, Ashraf, and Barge, 

1998; Lansky, 2000; Basu, 2003). In jobs that do not require high skill or expertise, 

adult and child labour are interchangeable and many firms are more inclined to save 

costs by employing child labourers. This results in exporting firms seeking child 

labourers, which is an additional pull factor.  

 

Child Labour and Education in Bangladesh 

 

Bangladesh is a useful country for examining the relationship between child labour 

and education for several reasons. First, child labour remains a considerable problem 

in Bangladesh. While the International Labour Standards (International Labour Office, 

2017) defines child labour as working at age 15 years and under, the Bangladesh 

government defines child labour as children employed as workers at age 14 years and 

under (Ministry of Law, Justice and Parliamentary Affairs, 2006; Bangladesh Bureau of 

Statistics, 2015). In addition, in Bangladesh, children under the age of 14 are allowed 

to engage in a maximum of 28 hours of domestic work per week without being 

considered child labourers. As of 2013, there were approximately 3.45 million children 

under the age of 18 that work, 1.70 million of these are child labourers, which is about 

4.3% of the total child population in Bangladesh (Ministry of Law, Justice and 

Parliamentary Affairs, 2006; Bangladesh Bureau of Statistics, 2015). Of these child 

labourers, 1.28 million reported working in hazardous labour, which is defined as 

labour that involves dangerous or unhealthy conditions due to a lack of safety and 

health precautions that can lead to injury, illness, or death. One of the most common 

hazardous labour sectors is manufacturing.  

 

Child labour in Bangladesh is largely driven by labour demand from its booming export 

sector, particularly in textiles. As mentioned above, child labour demand in these 

industries stems from the relative cost of child and adult labour. Based on data from 

the most recent Household Income and Expenditure Survey (HIES) conducted in 
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Bangladesh in 2016, the average monthly wage for individuals that completed 

secondary school or higher was TK17,000 per month for salaried employees and about 

TK450 per day for daily wages. For individuals that only completed primary school, the 

average is much lower, at about TK9,000 per month and TK350 per day. 

Comparatively, child labourers receive less compensation on average than adults with 

similar educational attainment. The Child Labour Survey conducted in 2013 showed 

that on average child labourers only received TK5,800 per month and about 87% of 

children under the age of 13 received less than TK5,000 (Bangladesh Bureau of 

Statistics, 2015).  

 

Due, in part, to this cheap supply of labour, Bangladesh has become the world’s 

second largest textile exporter, which has caused dramatic economic growth (Sikder, 

2019). The country’s yearly Gross Domestic Product (GDP) growth has risen from 5.3% 

in 2000 to an impressive 7.1% in 2016 and steadily increased each year prior to the 

COVID-19 pandemic, reaching 8.15% in 2019 (World Bank and OECD, 2020). The 

industrial sector accounts for about 30% of the country’s GDP, which was an increase 

from about 20% in 2000. Yet, despite these increases in GDP, education rates are not 

improving and poverty is still a huge concern. In 2016, 24.3% of the country’s 

population was living under the national poverty line (Roser and Ortiz-Ospina, 2013). 

At the household level, poverty appears to remain a key driver of child labour in 

Bangladesh. According to the Bangladesh Child Labour Survey (2015), most child 

labours either dropped out of school or never attended in the first place due to 

expense and/or to support their family income.  

 

Since Bangladesh ratified the ILO Convention on the Worst Forms of Child Labour in 

2001, there have been a number of mandatory regulations and voluntary policy 

guidelines targeting child labour including the Labour Act of 2006 (amended in 2018), 

the 2010 National Child Labour Elimination Policy, the 2015 Domestic Workers 

Protection and Welfare Policy, the Child Labour National Plan of Action (2012–2021) 

and subsequent Draft: National Plan of Action to Eliminate Child Labour (2020-2025), 

and the Seventh Five Year Plan (2016-2020), published by the General Economics 

Division. These regulations and policy guidelines include strategies to eliminate child 

labour, focusing on child domestic workers. While these policies coincide with overall 

reductions in child labour since 2001, data are irregular and infrequent, and it is highly 

likely that hundreds of thousands of children are still at work in Bangladesh today, 

many in hazardous occupations.3   

 
3 Where the 2003 and 2013 Child Labour Surveys (CLS), reported 7.42 and 3.45 million child laborers, 

respectively. However, the 2013 CLS reported 1.28 million children working in “hazardous work” a 

drop from only 1.29 million in 2003. 

https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6038e47e_5792_45f4

_8fc0_958f113443f9/NPA.pdf accessed 11-10-2021. 

https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6038e47e_5792_45f4_8fc0_958f113443f9/NPA.pdf
https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6038e47e_5792_45f4_8fc0_958f113443f9/NPA.pdf
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With respect to education, the Bangladesh Constitution of 1972 included Article 17, 

which guaranteed that “free and compulsory education [would be provided] to all 

children to such stage as may be determined by law” (The Constitution of the People’s 

Republic of Bangladesh: Free and Compulsory Education, 1972). However, it was not 

until decades later in the 1990s that policies were implemented to clarify this 

constitutional statement on who should receive free and compulsory education. In 

1990, the United Nations Educational, Scientific and Cultural Organization (UNESCO) 

held a World Conference on Education for All and presented a framework called 

Education for All (EFA). During this conference, Bangladesh signed the EFA, and later 

that year instituted the Compulsory Primary Education Act of 1990 (Ministry of 

Primary and Mass Education (MoPME), 1990). This Act was officially implemented two 

years later in 1992, abolishing primary school tuition fees and making primary 

education compulsory and free to all children. Education policies remained unchanged 

until 2010, when the Ministry of Education (MoE) introduced The National Education 

Policy. This outlined new guidelines and strategies, but—most importantly—extended 

free, compulsory primary education from Class 5 to Class 8 (National Education Policy, 

2010). 

 

Education rates in Bangladesh have improved since these policy changes in the 1990s. 

School enrolment rates are determined by the net enrolment rate, which is the 

percentage of the total population in a specific age group for a particular level of 

education that is enrolled in the appropriate education level. Net enrolment rates for 

primary school made a dramatic increase from about 75% in 1990 to 93.69% in 2005; 

before levelling off at 90.53% in 2010 (UNESCO Institute for Statistics, 2019; World 

Bank and UNESCO, 2020) although more recent statistics suggest nearly universal 

primary enrolment.4 Chowdhury, Nath, and Choudhury (2002) attribute these 

relatively high primary school enrolment rates—especially compared to neighbouring 

countries—to education promotion campaigns and stipend programmes. Primary 

school enrolment rates in Bangladesh are higher than the average rates in South Asia 

(UNESCO Institute for Statistics, 2020b).  

 

However, secondary school net enrolment rates in Bangladesh are much lower than 

primary school rates, mostly due to the high cost of secondary school. Between 2000 

and 2012, enrolment rates consistently hovered between 45% and 50%, but have 

since increased to 65.22% in 2015 (UNESCO Institute for Statistics, 2019). Globally, the 

average secondary school net enrolment rate in 2016 was 65.82% meaning that      

Bangladesh is near the global average.  

 

 
4 https://www.trade.gov/country-commercial-guides/bangladesh-education accessed 24-08-2022 

https://www.trade.gov/country-commercial-guides/bangladesh-education
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In addition, many students drop out of school or repeat the same grade. Dropout rates 

for primary school are about 2.2% and repetition rates are about 5.2%. The drop-out 

rate increases to 3.75% for lower secondary school, but the repetition rates of lower 

secondary decrease to about 2.25%. Dropout rates and repetition rates are worse in 

upper secondary school at about an 11.7% dropout rate and a 38.7% repetition rate. 

There is also a high percentage of children that do not attend school at all. Of primary-

aged children, 13% are not attending school, while 26% of lower secondary school-

aged children are not attending school. The Child Labour Survey (2015) analysed 

attendance rates of working children and found that only 30.9% of working children 

between the ages of 5 and 17 were attending school. Additionally, about 8% of 

working children reported having never attended school. 

 

Based on the discussion above, we present two hypotheses. First, we expect that 

children that are in relative proximity to exporting firms will be less likely to attend 

school compared to their compatriots who live further away. Second, we also expect 

that those children in proximity to exporting firms will be more likely to be in full-time 

employment than those farther away. 

 

Data and Methodology 

 

In order to evaluate these hypotheses, we utilise data from the Bangladesh Household 

Income and Expenditure Survey (HIES), which is a multi-stage, stratified, random 

sample survey conducted every few years in Bangladesh by the Bangladesh Bureau of 

Statistics (BBS) and the World Bank. This survey provides detailed person, household, 

and community-level data on education, health, employment, housing, agriculture, 

assets, income, consumption, and expenditures. Specifically, the survey data used for 

this study was combined from three separate years of the survey: 2005, 2010, and 

2016. The HIES 2005 consists of 10,080 sample households and 48,998 individuals. The 

HIES 2010 consists of 12,240 households and 55,605 individuals. The HIES 2016 

consists of 46,080 households and 186,239 individuals. The total number of 

households is 64,800 with a total of 290,924 individuals. For this study, a sub-sample 

of school-aged individuals (5 to 19 years), also referenced as students, was identified, 

totalling 95,395 individuals from 50,254 households.  

 

In order to employ our spatial empirical strategy, we needed to geo-code the HIES 

surveys. While the surveys did not collect precise geographic information on the 

respondents, i.e. latitude and longitude coordinates, the survey respondents were 

coded using the Geocodes from the Bangladesh Bureau of Statistics. These codes 

included information to the Mouza level – a geographic unit roughly corresponding to 

a village and more precise than the Union (ADM4) level. In the first step, we collected 

the full name of the location from the geo-code, i.e. District (ADM1), Zila (ADM2), 
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Upazila/Thana (ADM3), Union (ADM4), and Mouza. We then used the Google geo-

code application programming interface (API) to retrieve latitude and longitude 

coordinates for these location names.5 We then checked the validity by ensuring that 

the location coordinates for the Mouza were within the ADM4 units by utilising an 

ADM4 shapefile.6 For coordinates that did not meet this criteria, we hand-checked the 

coordinates using Google Maps and Open Street Maps to identify the Mouza location. 

In all, for our 95,395 student respondents, we identified 3,080 unique Mouza locations   

 

Map 1: HIES and Firm Locations 

Orange squares indicate firm location, blue circles, HIES household survey locations. 

 

From the HIES, we chose three questions to form outcome variables to evaluate the 

impact the location of exporting firms has on both education and child employment. 

 
5 https://developers.google.com/maps/documentation/geocoding/overview?_ga=2.188378669.-

484578848.1662023371 accessed 01-09-2022 
6 Retrieved from https://gadm.org/download_country_v3.html, accessed 10-10-2020. 

https://developers.google.com/maps/documentation/geocoding/overview?_ga=2.188378669.-484578848.1662023371
https://developers.google.com/maps/documentation/geocoding/overview?_ga=2.188378669.-484578848.1662023371
https://gadm.org/download_country_v3.html
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The educational outcome variables come from a question about current school 

attendance, “Are you currently attending school/educational institution?” and a 

question which captures if children have completed any school. For the former 

variable, we code a binary indicator variable as “1” if the respondent answered “yes”. 

Of our sample, 95,316 students responded to this question with 70,375 (74%) 

indicating they were currently attending school. This figure is significantly lower than 

the official enrolment rate cited above. This suggests that while some students may 

be officially enrolled, they are not actually attending school. For the latter variable, we 

utilise the question “What was the highest class that you completed” where we code 

a binary indicator “1” if the respondent answered, “No class passed.” Of our sample, 

84,685 students that responded to this question with 16,487 (19%) reporting not 

completing any class or only pre-schooling. 

 

For the labour outcome variable, we are interested in children who are in continuous 

(rather than seasonal) employment. Accordingly, we create a binary indicator that 

equals “1” if a child answered “12 months” to the question “How many months did 

you do this activity in the last 12 months?” which followed on from an answer to the 

question “What economic activities did you do in the past 12 months?” which 

indicated that the child had been involved in work over the previous 12 months. From 

our sample 94,036 children answered the first question, with 5,280 (5.6%) indicating 

they were involved in full-time work. Each of these questions were identically posed 

across each wave of the HIES survey.  

      

Our primary explanatory variable comes from a novel geo-referenced directory of the 

population of 11,124 exporting firms sourced from the Bangladesh Export Promotion 

Bureau. This directory was received as a scanned PDF file and contained the name and 

address information for each firm. This data was first extracted into a machine-

readable format and was again geo-coded with Google’s geo-coding API. The API was 

run twice, once using all information available for a given entry and then with the 

information of the most specific geographic unit in the address (mouza, city, district, 

division). The two coding methods were then compared and, where discrepancies 

existed, they were checked and reconciled by trained research assistants. These 

efforts ultimately yielded specific geo-location information for 11,115 firms (99.9%). 

The directory also contained information regarding the firm sector. The sector with 

the largest number of firms was the ready-made garment sector with 8,297 (75%) 

firms. Other sectors included software with 667 (6%) firms, food-related products with 

523 (5%), handicrafts with 441 (4%) firms, and 1,187 (10%) in other sectors. Map 1 

provides a visual of the geographic distributions of both the exporting firms, 

represented by the orange squares, and child HIES respondent locations from the HIES 

data, represented by the blue circles. The map illustrates the high concentration of 

firms around Dhaka, Chittagong, and Khulna but also shows that there is still a 
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considerable number of firms dispersed throughout the entire country as well as the 

geographically representative HIES survey locations. Full summary statistics for all 

variables are available in the appendix. 

 

Estimation Approach 

 

To evaluate our hypotheses, we utilise the spatial nature of our data to employ a 

matching approach as our data is not panel at the individual level. Likewise, 

unfortunately, our firm directory does not contain temporal information regarding the 

firms, that is, we do not have information on when firms were established. The lack of 

temporal information mean that we cannot employ a difference-in-difference like 

estimator wherein we might compare respondents near an “active” firm (i.e. one that 

is operating at the time of the survey) to respondents at sites where a firm is not yet, 

but will be, operating (“inactive”), as first used in Knutsen et el. (2017) but since widely 

employed in spatial studies.  

 

Beyond this, the spatial location of exporting firms is not random, and indeed may be 

biased when considered with other individual-level confounders that might influence 

school attendance or work. Accordingly, as our primary approach, we use a Propensity 

Score Matching (PSM) technique. PSM has been used in previous studies in 

Bangladesh which utilises cross-sectional household survey information, including in 

a study on the adoption of agricultural technology (Mendola, 2007) and is a well-

established approach for evaluating (pooled) cross-section observational data. 

Matching techniques are employed when treatment has not been randomly assigned 

and therefore confounders may differ between the “treatment” and “control” groups 

resulting in bias which hinders accurate identification of a treatment effect. If 

“treated” units are instead matched with a control group on the observed 

confounders, then the conditional independence assumption holds and any 

differences in outcome can be attributed to the treatment. When cohorts need to be 

matched on a large number of confounders, matching techniques face the “curse of 

dimensionality” and propensity scores, i.e. the probability of participating in a 

treatment program based on a vector of observed participant characteristic (Caliendo 

and Kopeinig 2008). Formally, this approach was described by Rosenbaum and Rubin 

(1983) where selection into treatment T=1, for individual i, is based on some vector of 

observed covariates, X: 

 

Pr (Ti=1 | Xi) 

 

and then where the average treatment effect (ATE) is given by the conventional 

difference in mean outcomes, Y, between the treated (=1) and the control (=0) 

conditional on the observed covariate selection: 
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E(Y1-Y0 | T=1 ) = E(Y1 | T=1 ) - E(Y0 | T=1 ) 

 

We estimate the ATE rather than the average treatment effect of the treated (ATT) as 

there is no delineation or selection in our design between those who were eligible for 

treatment and those who received treatment. All units in the relative proximity of the 

firm are considered treated. Five observed confounders that may result in bias on our 

educational outcomes are gender, age, household wealth, survey year and location. 

We proxy household wealth with household access to mobile phones, the internet, 

and electricity, while we use the household survey coordinates for location. For the 

employment outcome, we drop the household wealth covariates as these are 

potentially correlated with post-treatment outcome. The respective covariates are 

used to generate the propensity scores which are then used to balance the cohorts 

and retrieve an estimate of the average treatment effect. We use Mahalanobis 

matching (1936) with Abadie-Imbens (2004) standard errors in our models.  

 

Table 1: Treatment Percentiles and Distance to Firms (Excluding Cities) 

Percentile Distance Treated (N) Distance Control (N) 

10/90 <0.49 km (10,926) > 34.19 km (9,523) 

15/85 <1.11 km (14,330) > 29.59 km (14,298) 

25/75 <4.75 km (23,872) >22.75 km (23,845) 

50/50 <12.88 km (47,713) >12.89 km (47,682) 

Number of observations given in parentheses 

 

Treatment status is assigned based on the proximity to the nearest exporting firm. In 

order to generate this variable, we first determined the Euclidean distance between 

each survey respondent and the nearest exporting firm. We then assigned treatment 

to the respondents that are closer to the exporting firm. As we do not expect a discrete 

cut-off for the spatial effect, we run a range of models where the treatment groups 

are assigned by percentile distance. Assigning “too many” households to treatment 

status risks attenuation bias, however assigning “too few” households potentially 

increases noise due to the small number of treated units. The whole sample is 

employed when assigning treatment at the median, but then only mirrored subsets 

are assigned when using other percentiles. For instance, when assigning the treated 

cohort as only those respondents within the 25th percentile of distance, the control 

cohort are only respondents in the 75th percentile and above, where the remaining 

respondents are excluded from the analysis. Percentiles and the respective cut-off 

distances for the treated and control cohorts are given in Table 1 along with the 

number of observations in each corresponding sample. Post-matching balance 

statistics and diagnostics are available in Appendix I for the 15th percentile treatment 

sample. 
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Results    

 

As we run each outcome model over all percentiles from the 10th to the 50th and 

presenting the results in tabular form would be unfeasible, we instead present our 

findings in a series of graphs which plot the results. Figure 1 presents the result of firm 

proximity to self-reported school attendance. As seen there, and as expected, when 

assigning treatment status at a lower percentile, the magnitude of results is larger, but 

the estimates are considerably nosier as there are far fewer treated children. 

However, in all treatment percentile samples the result is in the expected direction 

(negative) and is also significant at the p<0.05 level for nearly all samples.  

 

Figure 1: ATE of Firm Proximity on School Attendance  

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

The magnitude of the impact varies between -0.057 and -0.012, or between a 5.7% 

(10th percentile) and 1.2% (48th percentile) reduction in reported school attendance. 

The probability of non-attendance in the 10th percentile sample is 29.65%, while it is 

26.23% so the effect of proximity on non-attendance is equivalent to between roughly 

4.5% and 19% of the underlying sample probabilities.  

 

Similar results are found when considering children who reported never having 

attended school in Figure 2. Once again, we see larger, but noisier, estimates at the 
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lower percentiles with smaller samples and fewer treated children. The results are 

again consistently in the expected direction (positive) and statistically significant at 

the p<0.05 level for all treatment percentile samples. The magnitude of the effect 

once again ranges substantially based on the treatment percentile, from 0.083 in the 

10th percentile sample to 0.009 in the 42nd percentile sample. As the sample 

probability of never attending school is roughly 21% at the 10th percentile, and 19% 

at the 42nd percentile, this implies an effect that is equivalent to anywhere between 

4.6% and 40% of the respective underlying sample probability. 

 

Figure 2: ATE of Firm Proximity on No Class Completion 

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

Finally, we turn to the impact of firm proximity on the likelihood that children report 

working full-time in Figure 3. As with the education models, our hypothesis is 

broadly supported, with an impact in the expected direction (positive) and 

statistically significant at the p<0.05 level for models at all treatment percentages. 

Also, like school attendance models, at lower percentiles the models are noisier. The 

magnitude of the impact again varies from 0.050 at the 5th percentile to 0.012 in the 

47th percentile treatment. However, unlike the school attendance models, the 

baseline probability of working in the sample is much lower, at around 5%. 

Accordingly, the treatment effect ranges from about 25% to 100% of this underlying 

probability. 
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Figure 3: ATE of Firm Proximity on Full Time Work 

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

Robustness 

 

As discussed above, our empirical strategy relies on spatial identification, namely the 

proximity between child survey respondents and exporting firms. While this approach 

is a useful method for testing our hypotheses, it is potentially problematic in 

geographically concentrated urban areas which also have a high number of firms, as 

nearly all children will be relatively proximate to a firm, especially compared to rural 

areas. While we include location in our matching models above, as a first robustness 

check we exclude the three main metropolitan areas (Dhaka, Chittagong and Khulna 

– “cities”) from our sample. This exclusion leaves us with a sample population of 

80,871 individuals aged 5 to 19 years old. As shown in figures AII.1, AII.5 and AII.9 in 

Appendix II, while the effect estimates are noisier than when we include the cities, 

they are all substantively consistent with the results and significant at the p<0.05 level 

for a wide many of the treatment percentiles. 

 

In our second and third set of robustness checks, we use ordinary least squares (OLS) 

and logit models, respectively, where we include our matching covariates directly into 

the models as controls. In the absence of matching, these models are likely to be 
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biased, but using these models allows us to cluster the standards errors at the ADM4 

level. These results are presented in Appendix II in figures 2, 3, 6, 7, 10 and 11. While 

the presence of attenuation bias is more noticeable in these models, with many of the 

estimates being no longer different from zero at the p<0.05 level for higher treatment 

percentiles, these models are still substantively consistent with our main results and 

the estimates are statistically significant at the lower treatment percentiles.  

 

While our data is not panel at the respondent level, in our final robustness check we 

take advantage of the fact that our survey data does have panel observations at the 

ADM4 level. As such, we collapse our individual-level responses at the mean by ADM4 

unit for a panel of ADM4 observations. We assign the treatment variable as equal to 

“1” if more than 50% of the respondents in the ADM4 unit were considered proximate 

to an exporting firm at the respective treatment level. We again estimate these 

models using OLS with standard errors clustered at the ADM4 level. As shown in 

figures AII.4, AII.8 and AII.12, these results are strongly consistent with our main 

individual-level results and the effect estimates are significant at the p<0.05 level for 

all three outcome variables across nearly the entire range of treatment percentiles.  

 

Discussion and Conclusions 

 

The overall aim of this study was to analyse the impact of the proximity of exporting 

firms on a child’s likelihood to attend school or work. Bangladesh has experienced a 

massive increase in the number of exporting firms in the last few years, which has led 

to a dramatic increase in GDP. Typically, an increase of GDP correlates with an increase 

of education rates; however, education rates in Bangladesh stagnated in the 2010s. 

The two main reasons a child seeks work are because of poverty and proximity to 

employment opportunities. The purpose of this study was to show that, regardless of 

external factors, proximity to an exporting firm has an impact on child labour and 

education rates.  

 

The results presented in this study provide a new perspective of the effects of the 

proximity to exporting firms on child labour and education rates in Bangladesh. 

Although Bangladesh has a relatively high enrolment rate, the actual school 

attendance rate is comparatively lower. The results from this study show that students 

living closer to an exporting firm were more likely on average to report not currently 

attending school and also never having completed any grade level. Failure to attend 

school affects students' ability to pass classes.  

 

The Child Labour Survey (2015) found that low attendance and completion rates are 

due to students being unable to afford the cost of school and engagement in child 

labour. That survey discovered that 61.1% of child labourers were not attending 
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school. These insights are consistent with the results of this study. Students living 

closer to an exporting firm were more likely on average to report working full time. In 

general, samples which assigned the firm proximity “treatment” at a closer distance 

yielded larger average treatment effects, a result that is both consistent with our 

theoretical expectation and the presence of attenuation bias in spatial approaches 

were the strength of the treatment effect dissipates over distance. 

 

This study employed propensity score matching (PSM) techniques to evaluate these 

relationships. These approaches can help mitigate bias when attempting to identify a 

treatment effect with cross-section, observational data. However, it should be noted 

that these methods rely on the conditional independence assumption which, in turn, 

relies on the selection bias originating from observed covariates. As such, these 

approaches can be limited when treatment selection occurs on unobservable 

covariates, and we cannot rule that out entirely. Further studies which employ spatial-

temporal observations approaches, and or randomized control trials (RCTs) would be 

useful to further confirm the findings in this manuscript.    

 

Several studies have shown that the main factor pushing children to work rather than 

attend school is poverty. This study shows that the impact of the export sector is not 

merely concentrated in urban centres, but in any location that has an exporting firm. 

As other developing countries seek to emulate Bangladesh’s export-oriented 

development success, the results in this paper suggest that such gains can come at a 

cost to childhood education and potentially risk pushing (some) children out of school 

and into work.  

 

 

 

  



19 
 

References 

 

Abadie, A., Drukker, D., Herr, J.L. and Imbens, G.W. (2004). Implementing matching 

estimators for average treatment effects in Stata. The stata journal, 4(3), pp.290-

311. 

Admassie, A. (2002). Explaining the High Incidence of Child Labour in Sub-Saharan 

Africa. African Development Review, 14(2), pp.251–275. 

Ahmed, M., Ahmed, K., Khan, N., Ahmed, R. (2007). Access to Education in Bangladesh 

Country Analytical Review of Primary and Secondary Education. Consortium for 

Research on Educational Access, Transitions and Equity.  

Allard, S.W. and Danziger, S. (2002). Proximity and opportunity: How residence and 

race affect the employment of welfare recipients. Housing Policy Debate, 13(4), 

pp.675–700. 

Anker, R., Barge, S., Rajagopal, S. and Joseph, M.P. (1998). Economics of child labour  

in hazardous industries of India. Centre for Operations Research and Training,  

Baroda. 

Aslund, O., Osth, J. and Zenou, Y. (2009). How important is access to jobs? Old 

question--improved answer. Journal of Economic Geography, 10(3), pp.389–422. 

Banerjee, A.V., Benabou, R. and Mookherjee, D. (2006) Understanding Poverty. 

Oxford; New York: Oxford University Press. 

Bangladesh Bureau of Statistics (2015). Report on Child Labour Survey (CLS) 

Bangladesh 2013. Dhaka: Bangladesh Bureau Of Statistics. 

Bangladesh Bureau of Statistics and UNICEF (2020). Bangladesh Education Fact Sheets 

2020: Analysis for Learning and Equity Using Bangladesh MICS 2019. pp.1–48. 

Bangladesh Labour (Amendment) Act, 2013 (Act No. 30 of 2013). 

Basu, K. and Van, P.H. (1999). The Economics of Child Labour: Reply. American 

Economic Review, 89(5), pp.1386–1388. 

Basu, K. (2003). The Global Child Labour Problem: What Do We Know and What Can 

We Do? The World Bank Economic Review, 17(2), pp.147–173. 

Beegle, K., Dehejia, R. H., Gatti, R., & Krutikova, S. (2008). The consequences of child 

labour: evidence from longitudinal data in rural Tanzania. World Bank Policy 

Research Working Paper, (4677). 

Bell, C. and Gersbach, H. (2009). Child Labour and the Education of a Society. 

Macroeconomic Dynamics, 13(2), pp.220–249. 

Brazys, S., Mahmud, M. and Pillai, A. (2020). Who Gets the Goodies? Overlapping 

interests and the Geography of Aid for Trade Allocation in Bangladesh. [online]. 

Available at: 

http://docs.aiddata.org/ad4/pdfs/WPS92_Who_gets_the_goodies__Overlapping

_interests_and_the_Geography_of_Aid_for_Trade_Allocation_in_Bangladesh.pd

f [Accessed 9 Aug. 2021]. 



20 
 

Chowdhury, A.M.R., Nath, S.R. and Choudhury, R.K. (2002). Enrolment at Primary 

level: Gender Difference Disappears in Bangladesh. International Journal of 

Educational Development, 22(2), pp.191–203. 

Dessy, S.E. (2000). A defense of compulsive measures against child labour. Journal of 

Development Economics, 62(1), pp.261–275. 

Dorman, P. and International Labour Office (2008). Child labour, Education and Health: 

a Review of the Literature. Geneva: ILO. 

Draft: National Plan of Action to Eliminate Child Labour (2020-2025).[online] Available 

at: 

https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6

038e47e_5792_45f4_8fc0_958f113443f9/NPA.pdf. 

Edmonds, E. (2001). "Will Child Labour Decline with Improvements in Living 

Standards?" Working Paper 01-09. Dartmouth College, Department of Economics, 

Hanover, N.H. 

Edmonds, E. (2007) Child labour, in: T. P. Schultz & J. Strauss (Eds) The Handbook of 

Development Economics, Vol. 4 (Amsterdam: North Holland). 

Emerson, Patrick M. and Souza, A. (2003). Is There a Child Labour Trap? 

Intergenerational Persistence of Child Labour in Brazil. Economic Development 

and Cultural Change, 51(2), pp.375–398. 

Fafchamps, M. and Shilpi, F. (2003). The spatial division of labour in Nepal. Journal of 

Development Studies, 39(6), pp.23–66. 

Fafchamps, M. and Wahba, J. (2006). Child labour, urban proximity, and household 

composition. Journal of Development Economics, 79(2), pp.374–397. 

Grenze, E. (2007). Is the Price Right? A Study of the Impact of School Fees in Rural 

Bangladesh. JPIA Princeton,. 

Hasan, J. (2007). Chapter 6: an Assessment of Child Labour Laws, Prevention Strategies 

and Their Effectiveness in Bangladesh. In: Child Labour in South Asia. Ashgate 

Publishing Company, pp.81–91. 

Hazan, M. and Berdugo, B. (2001). Child Labour, Fertility and Economic Growth. SSRN 

Electronic Journal, 112(482), pp.810–828. 

Heltberg, R., & Johannesen, N. (2002). How parental education affects child human 

capital: Evidence from Mozambique. Institute of Economics, University of 

Copenhagen, Discussion paper 02-04. 

Ihlanfeldt, K.R. and Sjoquist, D.L. (1998). The spatial mismatch hypothesis: A review of 

recent studies and their implications for welfare reform. Housing Policy Debate, 

9(4), pp.849–892. 

International Labour Office (2004). Child Labour: A textbook for university students. 

International Labour Office (2017). Global Estimates of Child Labour: Results and 

trends, 2012-2016. [online]. Available at:  

https://www.ilo.org/wcmsp5/groups/public/@dgreports/@dcomm/documents/

publication/wcms_575499.pdf. 

https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6038e47e_5792_45f4_8fc0_958f113443f9/NPA.pdf
https://mole.portal.gov.bd/sites/default/files/files/mole.portal.gov.bd/project/6038e47e_5792_45f4_8fc0_958f113443f9/NPA.pdf


21 
 

International Labour Office and International Programme on the Elimination of Child 

Labour (IPEC) (2004). Investing in Every Child: An Economic Study on the Costs and 

Benefits of Eliminating Child Labour. [online] . International Labour Organization 

(ILO). Available at: https://www.ilo.org/wcmsp5/groups/public/---dgreports/---

dcomm/---webdev/documents/publication/wcms_071311.pdf. 

International Labour Organization (2014). Country Level Engagement and Assistance 

to Reduce Child Labour (CLEAR) Project. [online] www.ilo.org. Available at: 

https://www.ilo.org/ipec/projects/global/WCMS_351657/lang--en/index.htm 

[Accessed 16 Jul. 2021]. 

Kain, J.F. (1992). The Spatial Mismatch Hypothesis: Three Decades Later. Housing 

Policy Debate, 3(2), pp.371–460. 

Caliendo, M., & Kopeinig, S. (2008). Some practical guidance for the implementation 

of propensity score matching. Journal of economic surveys, 22(1), 31-72. 

Kana, M., Phoumin, H. and Seiichi, F. (2010). Does Child Labour Have a Negative Impact 

on Child Education and Health? A Case Study in Rural Cambodia. Oxford 

Development Studies, 38(3), pp.357–382. 

Khan, S. and Lyon, S. (2015). Measuring Children’s Work in South Asia Perspectives 

from National Household Surveys. [online] . Available at: 

https://www.ilo.org/wcmsp5/groups/public/---asia/---ro-bangkok/---sro-

new_delhi/documents/publication/wcms_359371.pdf [Accessed 29 Mar. 2020]. 

Khanam, R. (2008). Child labour and school attendance: evidence from Bangladesh. 

International Journal of Social Economics, 35(1/2), pp.77–98. 

Knutsen, C. H., Kotsadam, A., Olsen, E. H., & Wig, T. (2017). Mining and local corruption 

in Africa. American Journal of Political Science, 61(2), 320-334. 

Kusakabe, M.A. and Mousumi, T. (2020). School Education System in Bangladesh. In: 

Handbook of Education Systems in South Asia. Springer, Singapore, pp.1–36. 

Lansky, M.A. (2000). Economics of child labour in hazardous industries of India. 

International Labour Review, 139(1), p.97. 

Levison, D. (1996). Is child labour really necessary in India's carpet industry? (Vol. 15). 

Employment Department, International Labour Office. 

Mahalanobis, P. C. (1936). On the generalized distance in statistics. National Institute 

of Science of India. 

Maitra, P. (2003). Schooling and Educational Attainment: Evidence from Bangladesh. 

Education Economics, 11(2), pp.129–153. 

McQuaid, R.W. and Lindsay, C. (2005). The Concept of Employability. Urban Studies, 

[online] 42(2), pp.197–219. Available at: https://pureportal.strath.ac.uk/files-

asset/12212609/Concept_of_Employability_FINAL.pdf. 

Mendola, M. (2007). Agricultural technology adoption and poverty reduction: A 

propensity-score matching analysis for rural Bangladesh. Food policy, 32(3), 372-

393. 



22 
 

Ministry of Law, Justice and Parliamentary Affairs (2006). Bangladesh - Labour Act, 

2006 (XLII of 2006). [online] . Available at: 

https://www.ilo.org/dyn/natlex/natlex4.detail?p_isn=76402&p_lang=en 

[Accessed 15 Jul. 2021]. 

Ministry of Law, Justice and Parliamentary Affairs (2015). Bangladesh - Labour Act. 

Available at: https://www.dpp.gov.bd/upload_file/gazettes/14212_75510.pdf. 

Ministry of Labour and Employment (MoLE) (2015). Domestic Workers Protection and 

Welfare Policy, 2015. Dhaka: Government of the People’s Republic of Bangladesh 

Ministry of Primary and Mass Education (MoPME) (1990). Primary education 

(compulsory) act 1990: Act 27. Dhaka: MoPME.  

Mukherjee, D. and Das, S. (2008). Role of Parental Education in Schooling and Child 

Labour Decision: Urban India in the Last Decade. Social Indicators Research, 89(2), 

pp.305–322. 

National Child Labour Elimination Policy (2010). [online] Available at: 

https://www.ilo.org/dyn/natlex/docs/ELECTRONIC/99017/118018/F-

1040228121/BGD99017.pdf [Accessed 16 Jul. 2021]. 

National Education Policy, (MoE) (2010). [online] Available at: 

https://reliefweb.int/sites/reliefweb.int/files/resources/02.National-Education-

Policy-2010-English.pdf [Accessed 16 Jul. 2021]. 

National Plan of Action for Implementing the National Child Labour Elimination 

Policy.[online] Available at: http://www.gbv.de/dms/zbw/798813121.pdf 

[Accessed 16 Jul. 2021]. 

Ong, P. and Blumenberg, E. (1998). Job Access, Commute and Travel Burden among 

Welfare Recipients. Urban Studies, [online] 35(1), pp.77–93. Available at: 

https://journals.sagepub.com/doi/abs/10.1080/0042098985087 [Accessed 1 Dec. 

2019]. 

Posso, A. (2019). The health consequences of hazardous and nonhazardous child 

labour. Review of Development Economics, 23(2), 619-639. 

PROBE Team (1999). Public Report on Basic Education in India. International Journal 

of Educational Development, 19(6), pp.454–457. 

Ray, R. (2002). The Determinants of Child Labour and Child Schooling in Ghana. Journal 

of African Economies, 11(4), pp.561–590. 

Razzaz, S. (2001). "Wealth Distribution and Child Labour: Dynamic Welfare Issues." 

Working Paper. World Bank, Gender Unit, Washington, D.C. 

Rosati, F. C. & Tzannatos, Z. (2006) Child labour in Vietnam, Pacific Economic Review, 

11(1), pp. 1–31.  

Rosenbaum, P. R., & Rubin, D. B. (1983). The central role of the propensity score in 

observational studies for causal effects. Biometrika, 70(1), 41-55. 

Roser, M. and Ortiz-Ospina, E. (2013). Global Extreme Poverty. [online] Our World in 

Data. Available at: https://ourworldindata.org/extreme-poverty. 



23 
 

Seventh Five Year Plan FY 2016- 2020. [online] Available at: 

https://www.unicef.org/bangladesh/sites/unicef.org.bangladesh/files/2018-

10/7th_FYP_18_02_2016.pdf. 

Shafiq, M.N. (2007a). Household Schooling and Child Labour Decisions in Rural 

Bangladesh. Journal of Asian Economics, 18(6), pp.946–966. 

Shafiq, M.N. (2007b). Household Rates of Return to Education in Rural Bangladesh: 

Accounting for Direct Costs, Child Labour, and Option Value. Education Economics, 

15(3), pp.343–358. 

Sikder, M.A.R. (2019). A review of Textile industry in Bangladesh. Int. J Adv. 

Multidiscip. Res, 6(3), pp.9-14. 

Strauss, J., & Thomas, D. (1995). Human resources: Empirical modeling of household 

and family decisions. In Srinivasan, T. N., & Behrman, J. Eds. Handbook of 

development economics. Vol. 3A (pp.1885–2023). Amsterdam: North Holland 

Press. 

Sultan, M., Seager, J., Rashid, S. F., Haque, M. A., & Khondaker, S. (2021). ‘Do Poor 

People’s Dreams Ever Come True?’Educational Aspirations and Lived Realities in 

Urban Slums in Dhaka, Bangladesh. The European Journal of Development 

Research, 33(5), 1409-1428. 

The Constitution of the People’s Republic of Bangladesh: Free and Compulsory 

Education. Part II: Section 17 [online] Available at: 

http://bdlaws.minlaw.gov.bd/act-367/section-24565.html. 

Trines, S. (2019). Education In Bangladesh. [online] WENR. Available at: 

<https://wenr.wes.org/2019/08/education-in-bangladesh> 

Tuttle, C., Grootaert, C. and Patrinos, H.A. (2001). The Policy Analysis of Child Labour: 

A Comparative Study. Industrial and Labour Relations Review, 54(2), p.376. 

Udry, Christopher (2006). Child Labor. in Banerjee, A.V., Benabou, R. and Mookherjee, 

D. (eds) Understanding Poverty. Oxford ; New York: Oxford University Press. 

UNESCO Institute for Statistics (2019). Bangladesh - School enrolment. [online] 

www.indexmundi.com. Available at: 

https://www.indexmundi.com/facts/bangladesh/school-enrollment [Accessed 18 

Aug. 2021]. 

UNESCO Institute for Statistics (2020a). Primary Completion rate, Total (% of Relevant 

Age Group) - Bangladesh | Data. [online] data.worldbank.org. Available at: 

https://data.worldbank.org/indicator/SE.PRM.CMPT.ZS?locations=BD. 

UNESCO Institute for Statistics (2020b). School enrolment, Primary (% net) - South 

Asia, Bangladesh, Pakistan, Nepal, India, Sri Lanka, Iran, Islamic Rep. | Data. 

[online] data.worldbank.org. Available at: 

https://data.worldbank.org/indicator/SE.PRM.NENR?locations=8S-BD-PK-NP-IN-

LK-IR [Accessed 28 Jul. 2021]. 

UNESCO Institute for Statistics (2020c). School enrollment, Preprimary (% gross) - 

Bangladesh | Data. [online] data.worldbank.org. Available at: 

https://wenr.wes.org/2019/08/education-in-bangladesh
https://data.worldbank.org/indicator/SE.PRM.CMPT.ZS?locations=BD


24 
 

https://data.worldbank.org/indicator/SE.PRE.ENRR?locations=BD [Accessed 11 

Aug. 2021]. 

UNICEF (2016). Victims Are Not Virtual: Situation assessment of online child sexual 

exploitation in South Asia. [online] UNICEF. Available at: 

https://www.unicef.org/rosa/media/1366/file/Victims%20are%20not%20virtual.

pdf [Accessed 30 Jul. 2021]. 

United Nations (2020). Education - United Nations Sustainable Development. [online] 

United Nations Sustainable Development. Available at: 

https://www.un.org/sustainabledevelopment/education/. 

United Nations Population Fund and Department of Economic and Social Affairs 

(2011). Special Bulletin on the Population Dynamics in Least Developed Countries. 

[online] . Available at: https://www.unfpa.org/sites/default/files/pub-

pdf/LDC_Fact_Sheet.pdf [Accessed 28 Sep. 2020]. 

Wahba, J. (2006). The influence of market wages and parental history on child labour 

and schooling in Egypt. Journal of Population Economics, 19(4), pp.823–852. 

World Bank (2021). Development Projects : Female Secondary School Assistance 

Project - P009555. [online] The World Bank. Available at: 

https://projects.worldbank.org/en/projects-operations/project-detail/P009555 

[Accessed 16 Jul. 2021]. 

World Bank and OECD (2020). GDP Growth (Annual %) - Bangladesh. [online] 

data.worldbank.org. Available at: 

https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG?locations=BD. 

World Bank and UNESCO (2020). Bangladesh BD: Adjusted Net Enrolment Rate: 

Primary: % of Primary School Age Children. [online] www.ceicdata.com. Available 

at: https://www.ceicdata.com/en/bangladesh/education-statistics/bd-adjusted-

net-enrolment-rate-primary--of-primary-school-age-children [Accessed 30 Jul. 

2021]. 

World Economic Forum (2016). WEF Global Gender Gap Report 2016. [online] World 

Economic Forum. Available at: 

http://www3.weforum.org/docs/GGGR16/WEF_Global_Gender_Gap_Report_20

16.pdf. 

World Economic Forum (2021). Global Gender Gap Report 2021: Insight Report. 

[online] World Economic Forum, p. Available at: 

http://www3.weforum.org/docs/WEF_GGGR_2021.pdf. 

  

https://www.un.org/sustainabledevelopment/education/
https://data.worldbank.org/indicator/NY.GDP.MKTP.KD.ZG?locations=BD


25 
 

Appendix I: Descriptive Statistics 

Table A.1 Descriptive Statistics 

Variable Source Mea

n 

Min  Max N 

School Attendance HIES (2005, 2010, 2016) 0.74 0 1 95,31

6 

No Class Completion HIES (2005, 2010, 2016) 0.19 0 1 84,68

5 

Full Time Work HIES (2005, 2010, 2016) 0.06 0 1 94,03

6 

Latitude HIES (2005, 2010, 2016) 23.8

1 

20.7

7 

26.52 95,39

5 

Longitude HIES (2005, 2010, 2016) 90.2

3 

87.5

1 

92.56 95,39

5 

Male HIES (2005, 2010, 2016) 0.52 0 1 95,39

5 

Age HIES (2005, 2010, 2016) 11.7

5 

5 19 95,39

5 

Electricity HIES (2005, 2010, 2016) 0.21 0 1 95,39

5 

Internet HIES (2005, 2010, 2016) 0.00

4 

0 1 95,39

5 

Mobile Phone HIES (2005, 2010, 2016) 0.27 0 1 95,39

5 

 

Table A.2 Post-matching Balance Statistics (15th Treatment Percentile) 
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Figure AI.1 Kernel Density Plot for Raw and Balanced Data (15th Percentile) 

 
Figure AI.2 Propensity Score Box Plot (15th Percentile) 
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Appendix II: Robustness Checks 

Figure AII.1: ATE of Firm Proximity on School Attendance (Exclude Cities) 

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.2: Firm Proximity on School Attendance (OLS) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  
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Figure AII.3: Firm Proximity on School Attendance (Logit) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.4: Firm Proximity on School Attendance (Quasi-Panel) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis 
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Figure AII.5: ATE of Firm Proximity on No Class Completion (Excluding Cities) 

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.6: Beta of Firm Proximity on No Class Completion (OLS) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  
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Figure AII.7: Beta of Firm Proximity on Never Attending School (Logit) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.8: Beta of Firm Proximity on Never Attending School (Quasi-Panel) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  
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Figure AII.9: ATE of Firm Proximity on Full Time Work (Exclude Cities) 

 
Average treatment effect given by red dot with 90% (thick) and 95% (thin) 

confidence intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.10: Beta of Firm Proximity on Full Time Work (OLS) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  
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Figure AII.11: Beta of Firm Proximity on Full Time Work (Logit) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  

 

Figure AII.12 Beta of Firm Proximity on Full Time Work (Quasi-Panel) 

 
“Treatment” beta given by red dot with 90% (thick) and 95% (thin) confidence 

intervals. Distance percentile for treatment assignment on x-axis.  
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Table AII.1: Treatment Percentiles and Distance to Firms (Excluding Cities) 

Percentile Distance Treated (N) Distance Control (N) 

10/90 <1.53 km (8,168) >36.62 km (8,153) 

15/85 <3.75 km (12,258) >31.14 km (12,245) 

25/75 <7.13 km (20,441) >24.20 km (20,395) 

50/50 <14.75 km (40,840) >14.75 km (40,800) 

Number of observations given in parentheses 

 

 

 


