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ABSTRACT

 

Despite being one of the fastest growing economies in the Sub-Saharan African region, 

Ethiopia’s percentage of child labor remains high. Persistent poverty is considered as the most 

prominent factor causing the problem of child labor. In this paper, I examine whether financial 

assistance can help reduce the prevalence of child labor, using data from the Ethiopia 

Socioeconomic Survey (ESS) in 2013 and 2015. Theoretically, the incidence of child labor will 

decrease if the child’s household has more disposable income. This potential reduction is based 

on the assumption that the allocation of a child's time to school and labor is largely decided by 

parents, and parents have no incentive to send their children to work unless they have no other 

choices. The empirical results from the Ordinary Least Squares regression (OLS) regression 

analysis suggest that there is no relationship between financial assistance and child labor. 

However, a statistically significant difference was found in the likelihood of child labor between 

urban and rural areas. The limitations in this study are mainly attributed to the omitted variable 

bias that is caused by lack of data on agricultural activities.  
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INTRODUCTION 

 

  This study aims to assess whether financial assistance can help reduce the prevalence of 

child labor in Ethiopia. Assuming the allocation of a child's time to school and labor is largely 

decided by parents, and parents have no incentive to send their children to work unless they 

absolutely have to, the incidence of child labor will decrease if the child’s household has more 

disposable income. My hypothesis is that any type of financial assistance will help reduce child 

labor in families through an increase in household income. Specifically, I attempt to establish 

causal links between financial assistance and child labor outcomes, using evidence from 

Ethiopia.  

  According to the International Labor Organization (ILO), any work that undermines 

children’s mental health and physical well-being, and hinders their education opportunities, is 

defined as child labor (ILO, 2019). Although there is a growing effort to reduce the incidence of 

child labor both locally and internationally, the most recent estimated number of victims of child 

labor remains high at 152 million, which constitutes almost 1 in 10 of all children in the world 

(ILO, 2017). In the world’s most impoverished regions, it is estimated that 1 in every 4 children 

is engaged in child labor (UNICEF, 2019). 

  Understanding the factors pertinent in explaining why a child is working is extremely 

important for government policymakers as they design and specify interventions to combat child 

exploitation. Persistent poverty is generally considered as the most prominent factor contributing 

to the issue of child labor. Any source of additional income is vital to poor households as they 

pay for their basic needs. As a result, financial incentives drive parents to send their children to 

work in farms, factories and other labor-intensive industries. Limited access to education is also 
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considered as another major factor in explaining children’s engagement in the workplace. 

Children in poor countries often face barriers to education, including but not limited to lack of 

finances for tuition and school supplies, long distances to schools, and lack of availability of 

teachers and facilities. Besides, the cost of education can be a huge burden for low-income 

families because primary and secondary education is often not free in many developing 

countries. Given the circumstances, education is seen as a choice or a luxury for parents, which 

incentivizes them to allocate their children’s time for something else. In addition, cultural factors 

may also influence child labor supply. While most people perceive child labor as a violation of 

fundamental human rights, some cultures and traditions, in fact, encourage work for children for 

the purpose of character building. Lastly, though many countries have laws and policies that 

prohibit or restrict children from work, lack of basic law enforcement often weakens the effort to 

reduce child labor. 

  As one of the most intractable problems in the world, child labor should be eliminated 

because of its pernicious effects on children, families and society. For example, child workers 

who do not receive education at proper age will miss the opportunity of developing skills in 

schools. They are more likely to engage in low-paying jobs as low-skilled workers, which creates 

a poverty trap for them and their families in the long term. More importantly, children who are 

involved in hazardous work may develop mental health disorders and are at high risk of physical 

injuries. Therefore, the intergenerational transmission of poverty reinforced by child labor not 

only prevents families from economic prosperity but also undermines national economic 

development as a whole.  
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  Interventions that focus on providing income support for parents have been conducted 

with the aim of decreasing the demand for child labor in each household. Examples of such 

interventions are conditional and unconditional cash transfer programs, which have been 

supported by a significant amount of empirical evidence as an effective way to reduce child labor 

(Datt & Uhe, 2019). Evidence also shows that increasing educational participation opportunities 

and improving access to quality education play important roles in helping children withdraw 

from the labor force, as schooling directly competes with child labor (Admassie, 2002). While 

different countries implement different strategies to deal with child labor, in this paper I mainly 

focus on the effects of poverty alleviation interventions on child labor reduction.  

  In this paper, I examine the role of financial assistance in reducing child labor in 

Ethiopia, using the Ethiopia Socioeconomic Survey (ESS) panel data from 2013 and 2015. In the 

following section, I provide more detailed background information on child labor in Sub-Saharan 

Africa and the main social safety net program offered by the Ethiopian government, and the 

relevant literature. In Section III, I develop a theoretical framework to explain the incidence of 

child labor in each household. In Section IV, I discuss the specifics of the data that I use for this 

thesis and descriptive statistics. In Section V, I present an empirical strategy to examine the 

relationship between financial assistance and child labor, and the key findings from this study. In 

the last section, I discuss recommendations for further research and policy actions. 
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BACKGROUND 

 

  In Africa, recent statistics show that there are currently over 71 million child laborers.  

The situation in the Sub-Saharan African region is especially severe, where the percentage of 

child labor went up from 2012 to 2016. The agriculture sector alone accounts for approximately 

85 percent of child labor because it is the major contributor to the economies of many African 

countries (ILO, 2016). Children who work in this sector are likely involved in hazardous work 

such as carrying heavy loads, being exposed to pesticides and fertilizers, and operating 

unsupervised machines. Most of these children work on family-owned farms and do not get paid 

for their work.   

Child Labor in Ethiopia  

  Despite having one of the fastest growing economies in the Sub-Saharan African region, 

Ethiopia is one of the worst countries for child labor. Although Ethiopia has ratified major 

international conventions on minimum age for work, and elimination of the worst forms of child 

labor, a lack of concrete policies or interventions has led to little progress towards ending child 

labor in all its forms. The Ethiopian National Child Labor Survey 2015 shows that 46.29 percent 

of children aged 5 to 17 involved in child labor at the moment of the survey (CSA, 2018). 

Gender differences in child labor are also severe in Ethiopia, where 61.04 percent of boys 

compared to 38.96 percent of girls are working. The survey also estimates that a total of 20.6 

percent of children are working exclusively, and 30.4 percent of children are both working and 

attending school. The majority of child laborers are found in rural areas, where children are 

participating in agricultural activities. Children’s high participation in informal employment 
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might explain why child labor is still pervasive in Ethiopia, despite the implementation of child 

protection laws and targeted policies concerning child labor. 

  Additionally, average hours worked by Ethiopian children are the third highest among 

countries with above 25 percent of child labor. Figure 1 shows that Ethiopian children work 

around 20 hours per week, which is also one of the highest in Africa. The newest data from the 

ESS 2015 survey shows that children aged 14 to 17 work the most (33.4 hours) among all other 

age groups in the urban area. In rural areas, children who are 5 to 11 years old have the highest 

weekly hours of work (32.2 hours) compare to children who are 12 to 17 years old. By 

comparing the total hours of work performed by children who work exclusively and children 

who work and attend school, the survey data also indicate that children who are attending school 

work 9 to 13 hours less than children who are working only and not attending school. However, 

Ethiopia currently does not offer free basic education, leaving children vulnerable to 

involvement in child labor. 

  Human trafficking and forced labor are considered the worst forms of child labor, which 

is a recognized problem in Ethiopia. Children are trafficked from rural villages to the capital city 

Addis Ababa and other parts of the country to work in the weaving industry against their will, 

and often work under threats or punishments. Some are forced to harvest and sell khat, a 

stimulant drug that can cause addiction and health problems if there is bodily contact (DOL, 

2017). In the Southern Nations, Nationalities, and Peoples’ (SNNP) Region, sexual harassment 

of girls often happens due to ethnic conflict.  
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Figure 1. Children in Employment and Hours Worked by Country 

Government Assistance Programs in Ethiopia  

  As economic activities in Ethiopia are highly dependent on agriculture, social assistance 

programs are mainly designed by the Ethiopian government to address food security. The most 

common social protection program in Ethiopia is The Productive Safety Net Programme (PSNP). 

The PSNP, which is the second-largest social safety net program in Africa, has played a 

significant role in providing social protection for low-income and food-insecure rural households 

since 2015. The two components of this program are: (1) provision of public work opportunities 

for adults with labor capacity and (2) provision of direct cash transfers for adults who cannot 
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perform any physical work due to illness, disability, or age (CSA&ILO, 2018). Most of the 

funding for this program comes from international donors, such as the World Food Programme, 

the United Nations Children’s Fund (UNICEF), and the World Bank. The PSNP program is 

proved to be well targeted towards the chronically food-insecure households. The impact 

evaluation conducted by International Food Policy Research Institute (IFPRI) shows many 

positive outcomes brought by the program in terms of stabilizing assets, increasing access to 

social services, and other benefits (Berhane et al., 2014).  

  The Ministry of Labour and Social Affairs is also working on some pilot programs to 

expand the social welfare service to additional communities. For example, the Social Cash 

Transfer Pilot Programme (SCTPP) was implemented in Tigray to reduce poverty and hunger in 

impoverished and labor-constrained households through social assistance and unconditional cash 

transfers. The program design is similar to the PSNP, but the targeted groups are households that 

suffer from extreme levels of poverty and deprivation. In addition, Ethiopia launched its National 

Social Protection Policy (NSPP) in 2014, aiming for further expansion of the community social 

protection structures to cover a larger population against certain risks at the district level. The 

NSPP has explicitly a component of child protection, which focuses on addressing abuse, 

violence, and exploitation against children. Various strategies and programs are ongoing to 

support the implementation of the NSPP. However, the programs under the NSPP are often 

poorly executed as the Government of Ethiopia faces the challenge of scaling up social 

protection services amid declining financing. Ethiopia has received a substantial amount of 

foreign aid since 2001. OECD-DAC statistics show that in 2016, Ethiopia received US$1.94 

billion of total net Official Development Assistance (ODA), which made it the seventh largest 
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recipient among other developing countries (Alemu, 2009). Therefore, the lack of long-term 

financing for the expansion of social protection programs indicates that there is still a great need 

of government assistance for poor households in Ethiopia.  

  While there is a range of other social assistance interventions in Ethiopia, the PSNP is the 

most relevant program in this study because the ESS panel data specifically contain an indicator 

of whether or not the household received the PSNP benefits at the time of the interview and also 

another indicator about non-PSNP assistance received by each household. I discuss the 

measurement of financial assistance in more detail in the Data section below. 
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LITERATURE REVIEW 

 

  There is a considerable body of literature that concludes that low household income 

explains the high incidence of child labor. The theoretical model developed by Basu and Van 

(1998) assumes that sending children to work is not ideal for parents. The additional 

income brought through the supply of child labor is essential for households to survive. These 

households which are vulnerable to income shocks must keep children at work to reduce the 

negative impact of potential reductions in family income, especially in the agricultural sector. 

Therefore, education and other non-work activities for children are luxury goods, which can only 

be consumed when regular household income is high and reliable enough to cover all household 

expenditures. 

  Empirical evidence on this relationship is supported by Beegle, Dehejia, and Gatti 

(2006). They find that as the level of child labor increases, educational enrollment decreases as a 

result of agricultural production shocks. Wealthier households are able to offset almost 80 

percent of the shocks by liquifying their assets, while low-income families are vulnerable to 

these agriculture shocks, but mitigate the negative impact through child labor. The need for poor 

households to survive in the short term inevitably pushes children to the farmland or workplace, 

making education impossible for the children. A similar conclusion has been made by Frempong 

and Stadelmann (2019). Using the Uganda National Panel Survey data and monthly food prices, 

they provide further evidence that adverse economic shocks lead to a higher intensity of child 

labor in Uganda. Admassie (2002) examines the relationship between several socioeconomic 

factors and child labor. In his research, he asserts that the level of poverty has a significant and 

robust relationship with the incidence of child labor. One study also shows that child workers not 
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only make positive contributions to the household, but they bring more monetary benefits from 

non-farm activities than farm activities (Koomson & Asongu, 2016). If households continue 

living in persistent poverty, the effects of child labor may extend to the next generation, creating 

a child labor trap. That means, children whose parents once engaged in child labor are more 

likely to become child laborers themselves (Emerson & Souza, 2000). 

  A large number of studies have successfully proven that declines in child labor can be 

attributed to increases in income, including assets. Child labor is less likely to occur as 

households own more land (Basu, Das & Dutta, 2010). Edmonds (2006) discovers children’s 

working hours decline significantly when a person in their household starts to receive retirement 

payments in South Africa. With regard to reductions in time spent working, boys work 

less on economic activities, while girls cut down hours on domestic work. Interventions that are 

based on this assumption have targeted poor households, aiming to improve the economic 

condition of the family to reduce child labor. For example, both conditional and unconditional 

cash transfers have shown significant impact in reducing children’s participation in work (Datt 

& Uhe, 2019) and hours worked (De Hoop & Rosati, 2014). Conditional cash transfers are 

estimated to help decrease the proportion of working children by 5 percent (Peruffo & Ferreira, 

2017). International remittances sent by migrant workers to their families reduce the labor 

supply of children in developing countries (Ebeke, 2012; Cuadros-Menaca & Gaduh, 2018). 

Increasing household income by eliminating credit constraints is also proved to be effective in 

pulling children out of work. Ersado (2005) emphasizes the role of credit access in child 

employment and education. His study supports that access to credit will reduce the likelihood of 

child labor in rural areas of Nepal and Zimbabwe. In the absence of credit constraints, poor 
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households are more likely to be able to mitigate adverse shocks through borrowing and 

diversifying sources of income. Using the combination of the instrumental variable approach and 

the Heckman sample selection model, Duy and Ngoc (2018) confirms the underlying 

relationship between micro-crediting and child labor. Their results suggest that access to credit 

decreases children’s participation rate in work, and it is likely to be an effective way of curbing 

child labor in Vietnam. 

  Although poverty is considered the root cause of child labor, some studies have argued 

that income level has an ambiguous effect on child labor. For example, households with greater 

land ownership may need more people to work in the field due to the labor-intensive nature of 

agriculture and the substitution axiom (Bhalotra & Heady, 2013). Kruger (2007) supports this 

evidence of higher child labor participation associated with income growth from her study in 

Brazil. Her research shows that temporary improvements in economic conditions as a result of 

the coffee boom make children in poorer households withdraw from school. Reducing school 

attendance lead to longer working hours for middle-income children, while children in wealthier 

households are not affected. 

  Other studies present a broader range of factors beyond poverty that contribute to the 

incidence of child labor. Krauss (2016) uses both quantitative and qualitative methods to 

understand why children in Ghana engage in child labor. He indicates that in a country that is 

highly dependent on agriculture like Ghana, sending children to work in the farm may be the 

optimal and rational choice for parents who are landowners, as the perceived returns on 

education are far less than returns on child labor. It is also culturally and socially acceptable for 

children to work in family farming. Household head’s education, employment status, and child’s 
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gender also affect the likelihood of a child being sent to work (Bérenger & Verdier‐Chouchane, 

2016). Seid and Gurmu (2015) find evidence that one unit increase in birth order result in 5 

percentage point decrease in the probability of child labor. Admassie (2002) discusses the high 

incidence of child labor in Sub-Saharan Africa in his study. He estimates that the number of 

child workers will rise in the next 20 years in Africa due to high population growth, urbanization, 

lack of high-quality education systems, and high illiteracy rates among adults.  

  In order to understand the determinants of child labor, most studies discuss the 

issue of schooling. Assuming trade-offs exist in a child’s time allocation between school and 

work, the greater the number of hours children spent in child labor means less or no time for 

school. With the support of both the theoretical framework and empirical model, increasing 

access and quality of education is often considered a good policy strategy to enhance school 

attendance, thus, reducing child labor. 

  In this paper, I aim to contribute evidence on whether financial assistance from 

government, and local and international Non-Governmental Organizations (NGOS) can reduce 

the probability of child labor in Ethiopia, where child labor is persistent, and school enrollment is 

extremely low. Although there is sufficient evidence underlining the relationship between 

income and child labor, my study focuses explicitly on changes in a household’s secondary 

income through social assistance programs, which have not been examined extensively before. 

More importantly, studies on child labor in the context of Ethiopia are limited and inconclusive. 

With available data on the size of assistance and hours of economic activities, I seek to add more 

evidence on the existing relationship between household income and incidence of child labor. 
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THEORETICAL MODEL 

 

  In this section, I develop a theoretical framework that explains the engagement in child 

labor in Ethiopia. This simple conceptual framework focuses on household-level observations 

and incorporates the household’s structural characteristics that influence the household’s 

decision process in deciding whether to let children work or not. The model below shows the 

explanatory factors that, in theory, determine the probability of child labor in a household. I test 

the empirical model that I develop from this framework in Section VI, below. 

Child Labor = f (Financial Assistance, Household Characteristics, e) 

  The key factor I consider in this study is the measure of financial assistance that induces 

variations in child labor, assuming parents decide their children's allocation of time. I also 

include other explanatory factors that are part of household characteristics, such as household 

size and the education level and the gender of household head to explain the probability of child 

labor in the household. The theoretical explanation is that financial aid in any form causes the 

household’s budget line to shift outward from AB to DCB. The segment BC captures the size of 

the financial assistance. As a result, the household’s new indifference curve shifts up and the 

amount of leisure time increases.  

 

Figure 2. Theoretical Model 
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Since every person in each household must devote his or her time either to work or to leisure, 

increasing hours of leisure will lead to decreasing hours of work. If the parents value their 

children’s time more, parents will prioritize children’s leisure time. Financial assistance is 

expected to reduce the total hours of child labor. Assuming children only work to improve their 

families’ basic living conditions, children are less likely sent by their parents to work when the 

household can meet basic needs with the help of additional income. Theoretically, financial 

assistance would reduce both the probability and the total hours of child labor.  
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DATA AND DESCRPTIVE STATISTICS 

 

  I use the data from the Ethiopia Socioeconomic Survey (ESS), implemented by the 

Central Statistics Agency of Ethiopia (CSA), in collaboration with the World Bank. This panel 

survey included detailed agricultural data, welfare indicators, and socio-economic characteristics 

at the household level. The first wave was conducted in 2011-2012 but only covered rural areas 

of Ethiopia. The second wave was implemented in 2013-2014, and the most recent wave was 

completed in 2015-2016, which covered all regional states, including the capital city. Each wave 

consisted of a nationally representative sample of approximately 5,000 households living in rural 

and urban areas, except the first one that had only rural households.  

  The original household data files from all three years include both individual and 

household level data. In order to create the dataset for this analysis, I first merged all 7 

household-level data files. This included information about household’s non-food expenditure, 

food security, income shocks, ownership of non-farm enterprise, other source of income, 

financial assistance, and credit accessibility using the variable household_id2. For individual 

level data, I merged 3 data files that has information about the household roster, education, time 

use and labor using the variable individual_id2. Then, I collapsed the individual level data to 

household level and merged this dataset and the previous household dataset to create a complete 

household level dataset for 2015. I repeated the same process for 2013. Since the first wave in 

2011 only interviewed rural households, I exclude the 2011 data from my analysis. The biggest 

challenge during this process is that each dataset has a different unit of analysis. For example, in 

the assistance dataset, the data are disaggregated by 5 different types of assistance, which means 

each household has 5 observations in this dataset. 
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  Based on ILO international standards on child labor statistical measurement, I consider 

that a child is working if: (1) a child aged 5 to 17 years engaged in hazardous work; and (2) a 

child aged 5 to 14 years engaged in economic activities for at least one hour in the last seven 

days. However, due to lack of information on hazardous work, I will only use the second criteria 

to determine whether child labor occurs in a household. Besides, only people who are 7 years or 

older were asked information about time use and labor. Therefore, the definition of child labor in 

this analysis is that a child aged 7 to 14 years spent time working on economic activities for at 

least one hour per week. I use two variables to capture a child’s labor participation: (1) a binary 

variable of whether a child in the household is working; and (2) a continuous variable reports the 

number of hours children in the household work on economic activities per week. Both variables 

are separate dependent variables. My independent variable is a binary variable that equals 1 if the 

household received financial assistance in the past 12 months, and zero otherwise. 

  Tables 1 and 2 provide descriptive statistics of some selected variables from 2015 and 

2013 data. As shown in both tables, almost half of households have at least one child working on 

economic activities and the average working hours per week for all children in the household are 

approximately 15 hours. More than 60% households live in rural area, which may explain the 

high percentage of child labor and working hours since rural households in Ethiopia rely heavily 

on agricultural activities. In terms of food security, 25% of households faced a situation during 

which they did not have enough food to feed all family members in 2015. For households that 

received financial assistance, the average amount of assistance a family received per year was 

255 Ethiopian Birr, which is equivalent to $12 USD. Given that each household spent around 

282 Birr per month on non-food expenditure, the amount of financial assistance for each family 
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was far less than the average cost of living in Ethiopia. It is worth noting that the average amount 

of assistance in 2015 was higher than what families received in 2013. By comparing the 

maximum value in 2015 and 2013 datasets, one explanation could be that some households may 

have received a significantly higher amount of aid than other households, which drove up the 

average value. Overall, the household characteristics are similar in 2015 and 2013 datasets. In 

this study, I mainly focus on the most recent 2015 data but use 2013 data for reference.  

Table 1 Descriptive Statistics, 2015 Data  

Variables  Obs.  Mean  Std-dev Min Max 

% households with child laborers  2,965 49.17% 0.50 0 1 

Total working hours of children/week 2,965 14.78 21.97 0 100* 

Amount of assistance each household receive* 4,954 255 1,157 0 46,575 

Households with non-farm enterprise 4,954 37.69% 0.48 0 1 

Households with food insecurity  4,948 24.60% 0.43 0 1 

Households with denied loans  4,954 3.98% 0.20 0 1 

Number of children in the household  4,954 2.50 1.97 0 11 

Rural households  4,954 66.05% 0.47 0 1 

Households’ non-food expenditure* 4,889 282.4 822.33 1 36,640 

Household head’s education (years) 2,304 7.94 4.68 0 20 

Male household head  4,954 69.34% 0.46 0 1 

 

Table 2 Descriptive Statistics, 2013 Data  

Variables  Obs.  Mean  Std-dev Min Max 

% households with child laborers  2,922 48.39% 0.50 0 1 

Total working hours of children/week 2,922 16.49 24.17 0 100* 

Amount of assistance each household receive* 5,262 148.04 667.94 0 14,401 

Households with non-farm enterprise 5,262 33.81% 0.47 0 1 

Households with food insecurity  5,244 27.35% 0.45 0 1 

Households with denied loans  5,259 4.32% 0.20 0 1 

Number of children in the household  5,262 2.53 2.00 0 11 

Rural households  5,262 63.15% 0.48 0 1 

Households’ non-food expenditure* 5,196 245.3 404.13 1 10,540 

Household head’s education (years) 2,531 7.96 4.72 0 20 

Male household head  5,262 69.61% 0.46 0 1 

*Exchange rate: 1USD = 21.2993 ETB 

*For childhours variable, I replace all values that are greater than 100 with missing values  
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EMPIRICAL MODEL 

 

  It is reasonable to assume that child labor outcomes depend primarily on socio-economic 

characteristics of the household, such as household income, parents' education level, and access 

to the credit market. In this study, I attempt to control for all factors that affect parents’ decision 

on child labor using the Ordinary Least Squares (OLS) approach. However, the OLS approach 

will likely suffer from omitted variable bias because there are many factors not in my dataset that 

are related to both child labor the financial assistance.  

  Theoretically, with the panel data, it is possible to use a Fixed Effects approach to 

overcome some biases since household fixed effects can control for a large number of 

unobserved characteristics that are unique to each household but do not vary over time and year. 

And year fixed effects allow me to control for unobserved factors that change over time but are 

common to all households, such as the interest rate and severe weather. As I stated in the above 

section, the first wave of the survey in 2011 only interviewed rural households and therefore was 

excluded from my analysis. Using fixed effects with the data from 2013 and 2015 which are only 

two years apart may not work well in this study. After controlling all non-time-varying 

household characteristics, the majority of the variation in child labor is explained, so there is 

little variation left to be explained by the main independent variable assist_amt. Due to this 

limitation of this data, my goal is to control all variables that exist in my dataset and are related 

to both child labor and financial assistance using multiple OLS regression. I specify my 

empirical model as follows:  

Childlabor = β0 + β1 (assistance) + β2 (Household Characteristics) + μ   (1) 

Childhours = β0 + β1 (assistance) + β2 (Household Characteristics) + μ   (2) 
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  The first model estimates what affects the probability of at least one child in the 

household working, and the second model estimates what affects the average hours worked by 

all children in the same household in the past week. Both models include the same set of control 

variables reflecting household characteristics. I expect the sign of my coefficient on the 

independent variable assist_amt to be negative. This would mean that larger amounts of financial 

assistance a household receives is expected to be associated with a smaller probability of child 

labor. I also estimate the sign of each covariate and present it in the third column of Table 3 

shown below.  

  Households that constantly suffer from food insecurity are likely to be low-income 

families, which can be related to a higher probability of child labor as children’s labor 

contribution may be critical for the survival of the entire family. Therefore, I expect the sign of 

coefficient on variable food_insecure to be positive. I also expect the sign of the coefficient for 

the variable shock to be positive because households that have experienced negative economic 

shocks may try to compensate the overall loss with increasing child labor and children’s working 

hours. However, if households have access to credit, they have the ability to mitigate the problem 

of temporary negative income shocks through borrowing. The ability to borrow is captured in 

two variables, which are borrow and denied (defined below), and these two variables are 

expected to have positive and negative coefficients, respectively. Similarly, if a family owns a 

non-farm enterprise, the economic activities outside agriculture provide the members extra 

income which can be related to less child labor participation. Every household head plays a 

crucial role in a family’s decision-making process. Specifically, a household head’s age, gender, 

education level, and marital status are all factors that affect the probability of child labor. A 
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household head with higher education level is expected to be related to less child labor so the 

sign of this coefficient should be negative. The relationship between child labor and married 

household head is also considered to be negative as a single household head usually needs more 

support from his or her descendants.   

Table 3 Variable Definition 
 

Variables Definition Expected Sign 

Dependent 

Variable  

  

childlabor =1 if at least one child in the household is working on economic 
activities  

N/A 

childhours total working hours of children in the household every week   

Independent 

Variables  

  

assist_amt total amount of assistance each household receive - 

 

 

food_insecure =1 if household didn't have enough food to feed the entire 

household in the last 12 months 

+ 

enterprise =1 if the household has non-farm enterprise  - 
borrow =1 if a member in household borrowed during the past 12 

months 

- 

denied =1 if a member household tried to borrow but were turned down + 
shock =1 if the household experienced negative shocks in the past 12 

months 

+ 

male_head =1 if household head is male + 

head_age household head's age - 

head_married =1 if household head is married, regardless of monogamous or 

not 

- 

head_educ household head's years of education - 

children number of children in the household + 

hh_size number of members in the household + 

other_inc total amount of other income household received in the last 12 

months (in Birr) 

- 

non_food_exp total monthly non-food exp (in Birr) - 

child_school number of children who are currently attending schools  - 

rural =1 if the household lives in the rural area  + 

 
 

  Other factors like household size and the number of children in each household are likely 

to have a positive relationship with child labor. Having a greater number of family members and 

children in the household is associated with increasing child labor as a result of larger family 
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expenses. Both of the two variables other_inc and non_food_exp measure the amount of 

disposable income each household possesses. The sign of coefficient on both variables is 

expected to be negative since it is not necessary for children to work when a family’s disposable 

income is high. Additionally, there is some strong evidence that proves the negative relationship 

between schooling and child labor, summarized in the Literature Review section. With the 

tradeoff in a child’s time allocation between school and work, I expect the sign of coefficient on 

child_school to be negative. The empirical results of the two OLS models and a discussion of the 

findings will be presented in the next section.  
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RESULTS 

 

  I present the results from my OLS regressions in Table 3. Model (1) is a logit regression 

of the total amount of financial assistance a household receive per year on the probability of 

child labor, controlling for household characteristics. Model (2) reports the results from a linear 

regression model for the relationship between total hours of all children in each household work 

per week and total amount of financial assistance per year. Model (3) and Model (4) are the same 

as Model (1) and Model (2) but using 2013 data. In this section, I focus on interpreting the 

results from the first two models and use the 2013 models as reference.  

  The coefficient of the main variable of interest lg_assit_amt that captures the amount of 

assistance from both models is positive and statistically significant (p<0.01). However, the 

magnitude is very small. The average marginal effect of the amount of assistance on child labor 

is that a ten percent increase in financial assistance per year is associated with an increase in the 

probability of child labor occurs in that household of about 0.2 percentage point, holding all 

other household characteristics constant. In other words, the odds of at least one child working in 

a household is the same as the odds of no child working in a household, which implies no 

relationship between financial assistance and the probability of child labor.  

  There are only four control variables that are statistically significant at the conventional 

level in Model (1). The negative coefficient on lg_nonfoodexp shows that a ten percent increase 

in households’ non-food expenditures is associated with a decrease in the probability of child 

labor of 0.3. Being a rural household has a positive relationship with the probability of child 

labor, which suggests that a household living in rural areas rather than urban areas is associated 

with an increase of 31 percentage points in the probability of having at least one child working.  
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Table 4 OLS Regression Results 

 

 Year 2015 Year 2013 

 Logit/OLS 

childlabor 

Linear/OLS 

childhours 

Logit/OLS Linear/OLS 

 childlabor childhours 

 (1) Average 

Marginal 

Effect 

(2) (3) (4) 

lg_assist_amt 0.104*** 

(0.030) 

0.018 0.602** 

(0.280) 

0.053 

(0.039) 

0.669 

(0.418) 

male_head 0.121 

(0.273) 

0.021 2.772** 

(1.282) 

0.295 

(0.260) 

2.245 

(1.428) 

head_age 0.008 

(0.008) 

0.001 0.051 

(0.059) 

0.0009 

(0.008) 

0.022 

(0.056) 

head_educ - 0.031 

(0.020) 

-0.005 -0.261** 

(0.120) 

-0.040** 

(0.020) 

-0.060 

(0.139) 

head_married 0.034 

(0.302) 

0.006 -1.381 

(1.574) 

-0.032 

(0.280) 

-2.607 

(1.776) 

children 0.068 

(0.075) 

0.012 0.664 

(0.696) 

0.031 

(0.082) 

0.287 

(0.720) 

child_school 0.021 

(0.071) 

0.004 0.729 

(0.697) 

0.142** 

(0.070) 

0.745 

(0.694) 

hh_size 0.020 

(0.059) 

0.003 0.306 

(0.443) 

0.103* 

(0.062) 

0.584 

(0.511) 

enterprise - 0.088 

(0.141) 

-0.015 -0.541 

(1.041) 

0.576*** 

(0.145) 

1.775 

(1.203) 

lg_otherinc -0.033 

(0.020) 

-0.006 -0.157 

(0.127) 

-0.004 

(0.020) 

-0.073 

(0.148) 

lg_nonfoodexp - 0.187*** 

(0.072) 

-0.032 -0.083 

(0.550) 

-0.189** 

(0.079) 

-0.128 

(0.618) 

food_insecure - 0.381** 

(0.188) 

-0.066 -3.139** 

(1.520) 

-0.333* 

(0.177) 

-1.522 

(1.672) 

borrow 0.357** 

(0.172) 

0.062 1.569 

(1.355) 

0.230 

(0.158) 

3.335** 

(1.458) 

denied 0.439 

(0.303) 

0.076 4.405 

(2.709) 

-0.015 

(0.321) 

-2.113 

(2.908) 

shock 0.272* 

(0.148) 

0.047 2.286** 

(1.062) 

0.065 

(0.080) 

0.751 

(0.810) 

rural 1.800*** 

(0.204) 

0.311 9.290*** 

(1.404) 

1.574*** 

(0.194) 

13.874*** 

(1.701) 

N 1,235  1,235 1,170 1,170 

Prob > Chi2/F 0.0000  0.0000 0.0000 0.0000 

R-Squared 0.2166  0.1476 0.2005 0.1638 

           *p<0.1 **p<0.05 ***p<0.01 
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Since households that are in rural areas often own land, children are likely to be asked to help 

with agricultural activities in these households. The negative sign of coefficient on food_insecure 

is unexpected. The result shows that the probability of child labor is higher in households 

without food insecurity than households suffering from food insecurity. This indirectly implies 

that poverty might not be the only reason why parents send their children to work. The variable 

shock is statistically significant at the 0.1 level. As expected, the positive coefficient on shock 

implies that the probability of child labor for households experiencing negative shocks is greater 

than the households not experiencing shocks, holding all other variables constant. While 

borrowing indicates household access to the credit market, the positive sign of the coefficient on 

borrow presents the opposite of that expected story. One possible explanation is that households 

that need to borrow money from financial institutions may plan to start or extend a family 

business and therefore need extra help from children. Surprisingly, the coefficient on 

child_school is positive, which shows that sending more children to school is associated with 

higher probability of making children work at home. It is possible that in order to support 

younger children in the household attendance at school, their older siblings need to work so the 

additional income may pay for school fees. Due to the limitation of the household-level data, it is 

impossible to distinguish siblings’ effect in this study.  

  In Model (2), I use the total hours of child labor per week to measure the severity of child 

labor in a household. Compared to the logit model, the coefficient on the main independent 

variable assist_amt remains positive and statistically significant at the conventional level. The 

magnitude also remains small. An additional ten percent increase in financial assistance is 

associated with 0.06 hours increase in total hours of children working in a household every 
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week. The coefficient on variable head_educ suggests that one-year increase in a household 

head’s education is associated with a total of 0.3 hours reduction in children’s working hours per 

week. In this model, the coefficient on male_head becomes statistically significant, and the 

positive sign shows that households with a male household head are associated with higher 

weekly working hours for children. Similar to Model (1), both of the coefficients on shock and 

rural are statistically significant, indicating positive relationships with the total hours of child 

labor. Living in a rural household is associated with a total of 9.3 more hours work time for all 

children in the household. For the two variables I use to control for household’s disposable 

income, the relationship between other income and children’s total hours worked is not 

statistically significant and very small in magnitude. For households with food insecurity, 

children work 3.1 hours fewer than those in families without food shortages. Although the 

coefficient on denied is statistically insignificant, its magnitude is somewhat substantial. Being 

denied for a loan or turned down from asking to borrow money is associated with a total of 4.4 

hours increase in working hours for all children in the household. 

  In terms of signs and magnitude, most results from the 2013 data are consistent with the 

2015 data except the coefficient on head_married, enterprise and denied. The coefficient on 

head_married and denied become negative in both Model (3) and (4). The coefficient on 

enterprise becomes positive and also becomes statistically significant at the 0.01 level in Model 

(3). While it is unclear why the sign and the magnitude of these coefficients change dramatically, 

this problem can be attributed to the observations that are omitted from the regression due to a 

large number of missing values. Although the coefficient on enterprise is not statistically 

significant in models using 2015 data, it is significant in Model (3) with 2013 data. The 
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probability of child labor in households with non-farm businesses is 10% higher than households 

without enterprises, holding all other variables constant. This is likely due to the reason that 

parents sometime ask their children to work and help with the family business. The only variable 

that has consistent results in all models is rural, suggesting child labor is highly associated with 

agricultural activities.  

  The amount of financial assistance a household receives along with other variables that 

represent household characteristics only account for 14.8% of the variation in children’s total 

working hours. Although I control for all the household characteristics that are both available in 

this dataset and relevant to this study, omitted variable bias is still a significant weakness in my 

study. For example, whether the household owns an agricultural land and the size of the land can 

be related to both the probability of working as child laborers and the amount of assistance. And 

omitting these two variables can cause upward bias, resulting in overestimated coefficient on 

assis_amt. Based on the results from the sensitivity test, it is proved that the problem of omitted 

variable bias exist in Model (2). As shown in Table 8 in Appendix B, the p-value is 0.02, which 

rejects the null hypothesis that the model has no omitted variable bias. The results from Table 7 

also suggests that the OLS logit model either have omitted variables or the model is not correctly 

specified. Additionally, it is worth noting that the number of observations dropped from 2,965 to 

1,235 after controlling for household characteristics. Some variables have a large number of 

missing values, which explains the substantial reduction in number of observations in both 

models. The limitation of this small sample size can also be a reason why many variables are not 

statistically significant in these models. 
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CONCLUSION 

 

  In this thesis, I examine whether financial assistance can reduce the incidence of child 

labor in Ethiopia using an OLS and logit regression approach. The regression results presented 

above show that there is a lack of evidence to support my hypothesis that the probability of child 

labor in the household can be reduced by increased household income through financial 

assistance. The insignificant results could be attributed to a potential omitted variables bias. 

Though the ESS data cover detailed information about household characteristics, the dataset 

lacks key information that is related to both child labor and financial assistance, such as the size 

of each household’s agricultural land and families’ monthly income.  

  Additionally, the insignificant coefficient on assist_amt does not mean that supporting 

vulnerable families with financial resources fails to reduce child labor. As stated in the Data 

section, the average amount of financial assistance each household receives is only 7.5% of the 

household’s monthly non-food expenditure, which may not be sufficient for the household to 

change the decision to free children from work. More importantly, the targeted group of the 

government assistance program consists of chronically food-insecure households. That means 

that the size of the assistance may help a little but not enough for households to pull children out 

of the workplace. For households that receive assistance, the opportunity cost of eliminating 

child labor may be higher than the benefits gained through social protection programs. As a 

result, parents may decide to keep children in factories or farms.  

  My intention to use household level data is because I assume the decision on whether to 

work or not is not made by children but instead by their parents and parents do not send children 

to work unless they do not have other choices. However, this assumption can be weak in many 
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countries in Africa, where child labor is culturally and socially acceptable by the public. Parents 

may purposely send children to work for character building and skill development even if the 

family has sufficient disposable income.  

  Though this study does not prove the relationship between financial assistance and child 

labor, the results from my empirical model still provide important insights for potential policy 

interventions to reduce the prevalence of child labor. For example, the negative relationship 

between having a non-farm enterprise and child labor suggests that small businesses may help 

households diversify their income sources and provide a financial buffer to offset negative 

income shocks, which may indirectly reduce child labor. The education level of the household 

head also plays an important role in determining whether to send children in the household to 

work or not. More educated parents may have better understanding in the importance of 

education for children, so they are more willing to let children spend more time at school than 

farmland or workplace.  

  Though many previous studies that examine the impact of different factors on child labor 

show ambiguous results, policymakers should still be proactive about child labor reduction and 

prevention. One strategy that the government could adopt is to increase education funding and 

quality to prevent children from being pulled out of school and into the workplace. The 

Government of Ethiopia can identify the groups of children that need the greatest resources and 

develop specific interventions to target their households. Schools, government agencies, and 

communities should work together to identify children who are working or at risk of being a 

child laborer. Responsible government agencies should collaborate to increase the quantity and 

quality of reporting on child labor and children’s education status. Additional education for 
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children will also increase the education of future heads of households, which my results indicate 

will reduce the amount of child labor in future generations, creating a virtuous cycle. 

  Though this study does not prove the relationship between the financial assistance 

program and child labor, other studies have confirmed the effectiveness of conditional and 

unconditional cash-transfer programs in reducing child labor. If the government provides both 

cash transfers and affordable education to poor households, parents may start sending children to 

schools due to reduced financial pressure on parents. Increasing access to the credit market for 

poor households such as through microloans will provide opportunities for households to start 

small businesses and help them alleviate their poverty.  

  In this study, there is not enough evidence to prove financial assistance can reduce child 

labor due to the omitted variable bias and limitations of the data, and possibly due to the fact that 

the assistance is too small to change household decisions. However, the empirical results show 

that future research can focus on examining the effect of microfinance or parents’ education on 

child labor specifically. After all, child labor is a complex issue and may not be solved with a 

simple solution of giving families financial aid. However, such a conclusion does not mean that 

the government should wait until all factors that affect child labor are understood. Under the 

influences of cultural, geographic, monetary, and socioeconomic factors, policymakers need to 

consider a more diverse approach to alleviating child labor. With about 40 percent of children 

working and some engaged in the worst forms of child labor, the Government of Ethiopia should 

take the initiative to end child labor, as the consequences of ignoring this problem will have a 

long-lasting effect on the overall development of Ethiopia. 
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APPENDIX A: Original OLS Regression Results 

 

Table 5 OLS Regression Results Without Functional Forms  

  Year 2015 Year 2013 

  Logit/OLS 

childlabor 

Linear/OLS 

childhours 

Logit/OLS Linear/OLS 

  childlabor childhours 

 (1) (2) Average 

Marginal 

Effect 

(3) (4) (5) 

assist_amt 0.0002 

(0.0001) 

0.0003* 

(0.0002) 

0.0000523 0.0008 

(0.0007) 

0.0000025 

(0.000102) 

0.0005 

(0.0011) 

male_head  0.218 

(0.266) 

0.0379 3.176** 

(1.258) 

0.228 

(0.257) 

2.030 

(1.397) 

head_age  0.007 

(0.008) 

0.0012 0.042 

(0.058) 

-0.0006 

(0.008) 

0.0169 

(0.0552) 

head_educ  - 0.04** 

(0.02) 

-0.00697 -0.285** 

(0.118) 

-0.0399** 

(0.0203) 

-0.0392 

(0.1418) 

head_married  0.019 

(0.298) 

0.0032 -1.546 

(1.565) 

-0.0132 

(0.279) 

-2.619 

(1.781) 

children  0.074 

(0.074) 

0.0128 0.701 

(0.694) 

0.0274 

(0.0834) 

0.2834 

(0.7216) 

child_school  0.009 

(0.07) 

0.0015 0.708 

(0.696) 

0.1403** 

(0.071) 

0.7704 

(0.6997) 

hh_size  0.018 

(0.059) 

0.0031 0.338 

(0.446) 

0.1133* 

(0.0641) 

0.6018 

(0.5118) 

enterprise  - 0.151 

(0.139) 

-0.0263 -0.708 

(1.044) 

0.586*** 

(0.144) 

1.811 

(1.208) 

other_inc  -0.0000005 

(0.0000026) 

-0.00000009 -0.00001*** 

(0.000005) 

-0.000001 

(0.000004) 

-0.000009 

(0.000007) 

non_food_exp  - .0003 

(0.0003) 

-0.000058 0.00018 

(0.0004) 

-0.0012*** 

(0.0003) 

-0.0021* 

(0.0011) 

food_insecure  - 0.295 

(0.184) 

-0.0512 -2.861* 

(1.48) 

-0.315* 

(0.175) 

-1.4047 

(1.659) 

borrow  0.307* 

(0.17) 

0.053 1.461 

(1.368) 

0.233 

(0.158) 

3.43** 

(1.464) 

denied  0.347 

(0.307) 

0.0603 3.905 

(2.721) 

0.0206 

(0.318) 

-1.794 

(2.824) 

shock  0.256* 

(0.148) 

0.0446 2.494** 

(1.047) 

0.0873 

(0.0793) 

0.8805 

(8048) 

rural  1.932*** 

(0.202) 

0.0303 9.757*** 

(1.227) 

1.522*** 

(0.1902) 

13.39*** 

(1.505) 

N 2,965 1,235  1,235 1,170 1,170 

Prob > Chi2/F 0.1297 0.0000  0.0000 0.0000 0.0000 

R-Squared 0.0044 0.2127  0.1449 0.2053 0.1622 

*p<0.1 **p<0.05 ***p<0.01 
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APPENDIX B: Results from Sensitivity Analysis 

      

Table 6 Linktest Results for OLS Regression Model (1) 

childlabor Coef. Std. Err. z P>z [95% Conf. Interval] 

_hat .9133028 .1152641 7.92 0.000 .6873892 1.139216 

_hatsq -.055677 .0623513 -0.89 0.372 -.1778833 .0665293 

_cons .0441929 .08618 0.51 0.608 -.1247168 .2131025 

 

Table 7 Linktest Results for OLS Regression Model (3) 

childlabor Coef. Std. Err. z P>z [95% Conf. Interval] 

_hat .4961618 .2090494 2.37 0.018   .0860297 .906294 

_hatsq .0248755 .009755 2.55 0.011 .0057373 .0440138 

_cons 1.146589 .9909869 1.16 0.247 -.7976194 3.090798 

 

Table 8 Ovtest Results - Testing for Omitted Variables for Model (2)     

Ramsey RESET test using powers of the fitted values of childhours 

Ho:  model has no omitted variables 

F(3, 1215)  =   3.40 

Prob >F = 0.0172 
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