The Impact of Child Labour on Educational Outcomes in Lesotho: A Non-Parametric Bounds Approach∗
’Mafalatsi Rosalea Souru†	Ramaele Moshoeshoe‡ 


Abstract
This paper investigates the impact of child labour on educational outcomes in Lesotho. Numerous studies have examined this issue. Amongst them, few have specifically addressed how child labour affects educational outcomes in the case of Lesotho. We advance the literature using the Lesotho 2018 Multiple Indicator Cluster Survey and the non-parametric bounds approach. This relies on weak assumptions. The decision to choose between schooling and work is made concurrently and may be influenced by the same, possibly unobserved variables. Hence, determining the causal effect of child labour on education may be challenging. We, therefore, address the endogeneity problem using the assumption of a monotone instrumental variable. We use the mother’s highest level of education attained as an instrument. It is directly and positively correlated with educational outcomes. The findings of this study show the inconclusive impact of child labour on all educational outcomes. For boys, the results are inconclusive for all the outcomes, with both positive and negative estimated impacts. In contrast, for girls, the results are inconclusive for all the outcomes except for foundational Sesotho reading skills, where there is a positive impact, even though the range is too wide to be informative. Moreover, the results show that, on average, child labour’s association with education outcomes are concentrated amongst the boys.
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1 [bookmark: Introduction]— Introduction

Sub-Saharan Africa (SSA) has the lowest level of human capital, with over 90% of children lacking foundational skills (Gust et al., 2024). The region also has the highest prevalence (24%) of child labour and the largest number of children in child labour (ILO & UNICEF, 2021). Child labour is believed to displace school attendance and learning, and thus inhibits human capital accumulation (Baland & Robinson, 2000; Keane et al., 2022) with negative implications for economic development (Gust et al., 2024). Therefore, there is an international commitment to eliminate all the forms of child labour by 2025 (see Sustainable Development Goal (SDG) 8.7). However, empirical evidence on the effects of child labour on educational outcomes is mixed and appears to be context-specific. Conversely, most studies find that child labour has negative effects on school enrolment and academic achievement (Gunnarsson et al., 2006; Beegle et al., 2009; Zabaleta, 2011; Haile & Haile, 2012; He, 2016; Emerson et al., 2017; Delprato & Akyeampong, 2019; Mussa et al., 2019; Kassouf et al., 2020; Lee et al., 2021; Keane et al., 2022). There are, however, some small differences within this literature, which might be consequential in certain contexts. For example, Keane et al. (2022) and Kassouf et al. (2020) show that time spent in child work, either market/farm or household chores, is detrimental to a child’s cognitive development, but, in the case of Keane et al. (2022), only if it displaces school/study time. Zabaleta (2011), on the other hand, shows that the time a child spends in market work has larger negative effects on educational outcomes than time spent on household
chores.
There is also some evidence that child labour has no effect or even a positive effect on educational outcomes. Dumas (2012) finds that, in Senegal, child work does not harm cognitive achievement, but it increases oral mathematics. Further, Kana et al. (2010) finds no trade-off between child work and educational attainment. However, Phoumin (2008) and Zabaleta (2011) discover that the impact of child work on education depends on the intensity of child work: below a certain threshold (say three hours in Nicaragua) does not affect education. These results are consistent with the theoretical predictions of Fan (2004) that a small increase in child labour may not harm a child’s cognitive development.
These conflicting results could be explained by several factors, including the country’s institutional context, the sample age limit (7-14 years old versus 14-18 years old), the type of child work considered, the definition of child labour, and the identification strategies, amongst
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others. For instance, He (2016) conducted a study in China where compulsory education comprises primary and junior secondary education. On the one hand, the average of completed years of schooling for children aged 5 to 17 years is 8 years; the minimum working age is 16 years; and the children mostly work in factories. He has discovered that child labour has a detrimental impact on academic success. On the other hand, Kana et al. (2010) conducted their study in Cambodia, where the minimum working age is 14 years, and the children are engaged in agricultural activities, garments and textiles. They have found no evidence of a trade-off between child labour and educational attainment as the children work within critical threshold levels (that is, they work below a minimum number of hours per week).
Again, there are differences in how these studies measure child labour. For instance, most studies use the time spent (hours or years) doing economic activities and/or household chores to measure child labour (Zabaleta, 2011; Dumas, 2012; Emerson et al., 2017; Lee et al., 2021; Keane et al., 2022). At the same time, Kassouf et al. (2020) use indicators for household chores or market work. It does not distinguish between child work and child labour. Therefore, this literature does not distinguish child work from child labour; it looks at the effects of child hours of work on educational outcomes.1 Not all the child work is bad for the child development and later human capital accumulation. Thus, policies based on these results, such as proposing a total ban on all the forms of child work (Keane et al., 2022), may not be helpful in low-income countries where child work is prevalent and is considered part of a positive upbringing. Such policies make it hard to develop the policies that would limit the harmful effects of child labour while promoting the potentially positive effects of child work, including the promotion of cognitive and socio-emotional skills, to mention but a few.
Further, most prior literature uses parametric methods, relying on matching and instrumental variable (IV) identification strategies with strong assumptions (Dumas et al., 2008; Zabaleta, 2011; Delprato & Akyeampong, 2019; Lee et al., 2021; Boutin & Jouvin, 2022). Therefore, the estimates are likely biased (Boutin & Jouvin, 2022). For instance, Lee et al. (2021) uses annual tuition fees across schools as an IV, which does likely not satisfy the orthogonality condition as high tuition fees may directly or indirectly affect academic achievement than through child labour.
1. [bookmark: _bookmark0]According to the International Labour Organisation (ILO), child labour referees to “work that is mentally, physically, socially or morally dangerous and harmful to children; and/or interferes with their schooling”, while child work is participation or hours worked in the household chores and/or economic activities that are considered unharmful and socio-economically beneficial to the child, contributing to their education in a broader way to their development. (see https://www.ilo.org/topics/child-labour/what-child-labour).

This paper, therefore, investigates the impact of child labour on educational outcomes in Lesotho. We use the 2018 Lesotho Multiple Indicator Cluster Survey (MICS) and employ the nonparametric bounds approach by Manski (1989, 1990, 1995), which applies mild and relatively plausible assumptions to overcome the selection issues.
Our results show that the impact of child labour is inconsistent across the various measures of educational outcomes. We find that the effects of the time spent doing market work and household chores on the completed years of schooling, foundational English reading, foundational Sesotho reading and numeracy skills are inconclusive. Since there are indications of potential negative effects shown by the slightly negative estimates of average treatment effect (ATE), wide and overlapping bounds from the different assumptions faced reflect a great amount of uncertainty, including both positive and negative effects. This would, therefore, imply that the true impact of child labour on these educational outcomes are not definitively established. These findings are in line with the findings from Emerson & Souza (2011); and Beegle et al. (2009). These studies reflect the broader challenges in establishing a clear causal relationship between child labour and educational outcomes. They found an uncertain impact of the children’s work on learning outcomes. This can be attributed to the fact that, even though work may take away time and energy (hence having a negative impact on learning), some activities might directly or indirectly complement learning processes through the activities requiring reading, writing, or mathematical skills. Again, we find that the impact on boys is inconclusive for all the educational outcomes, suggesting a broader variety of potential impacts on schooling. At the same time, for girls, the evidence leans more consistently toward a positive influence on specific academic skills, particularly in Sesotho reading skills. These findings concur with those of the earlier studies, including Dumas (2012); Phoumin (2008); Watson (2008), which find that child labour positively affects the girls’ education more than the boys’. This is because the girls mostly do family chores, which take place under safe conditions and can be combined with schooling.
This paper contributes to the literature in several ways. First, we measure child labour following the International Labour Organisation (ILO) Convention No. 138. Therefore, we use time spent doing market work and household chores to calculate child labour, unlike the previous work that looked at the time spent doing market work (child work), excluding the time spent doing chores and did not distinguish between child work and child labour (Beegle et al., 2009; Gunnarsson et al., 2006; Dumas, 2012; Keane et al., 2022). This is essential for policy

because child participation in work and hours worked have both positive and negative effects depending on the occupation and length of exposure (De Hoop & Rosati, 2014). Second, we use objectively measured foundational skills for both in-school and out-of-school children.
Last, we employ the non-parametric bounds approach developed by Manski (1989, 1990, 1995) and widely applied in economics (see De Haan (2011, 2017) and Germinario et al. (2022)). The non-parametric bounds analysis relies on a minimal set of credible assumptions to identify an informative interval within which the actual effect falls. Therefore, the inference allows us to cater for the uncertainty in the data and provide credible policy analysis (Manski, 2011, 2019). To our knowledge, no previous study has employed this identification method to tease out the causal effects of child labour.
[bookmark: The_Context]The rest of the paper is organised as follows: Chapter two presents the contextual background of the Lesotho educational system and child labour. Chapter three describes the data and provides descriptive analysis, followed by the methodology in Chapter four. Chapter five reports the results and discussions. Chapter six concludes this paper.

2 — The Context

2.1. [bookmark: Education_in_Lesotho]Education in Lesotho

Until 2012, Lesotho had followed a 7-3-2-4 educational system, with seven years of primary school, three years of junior secondary school, two years of senior secondary school, and four years of university (Moshoeshoe et al., 2019). From 2013, Lesotho began phasing in the new integrated Curriculum and Assessment Policy (CAP), which has reorganised the education system into two levels: basic education (grades 1 to 10) and secondary education (grades 11 and 12) (Raselimo & Mahao, 2015). Children start primary school at the age of 6 or 5 if they turn 6 on or before the 30th of June in the same year. In 2000, Lesotho phased in the free primary education programme, which significantly increased enrolment (Moshoeshoe et al., 2019). Further, this country introduced compulsory primary education in 2010.
Secondary education is not free. However, the government also pays fees for a small portion of the most vulnerable orphans in secondary education, and there is a high transition rate from primary to secondary school (Moshoeshoe, 2023). There is, however, a high dropout rate within the secondary school cycle, which is potentially due to expensive school fees faced by many low-income families (Lekhetho, 2013; Moshoeshoe, 2023).

2.2. [bookmark: Child_Labour_in_Lesotho]Child Labour in Lesotho

Child labour is more prevalent in agricultural activities, mostly in herding activities, and the age requirement to work is 15 years. Understanding the effects of child labour on educational outcomes is important because the children with low educational attainment usually receive lower pay in the job market. Low earnings possibly exacerbate poverty and societal inequality. According to the International Labour Organisation (Chant & Pedwell, 2008), children are defined as anyone under 18. In Lesotho, the minimum working age is 15 years, and 15-17-year- old children must perform light work (Chant & Pedwell, 2008). However, due to inefficient enforcement of child labour laws, it is common for the children below and above the age of 15 to work in Lesotho, where child abuse and exploitation are prevalent (Metsing et al., 2020). According to UNICEF et al. (2018), 32% of 5-17-year-old children in Lesotho are in child labour, 45% of whom are from the poorest families, while 15% are from the richest families. As stated, child labour is more prevalent in agricultural activities, mostly in herding activities largely performed by boys (82% of boys and 20% of girls (UNICEF et al., 2018)). Therefore, 40% of boys
[bookmark: Data_and_Descriptive_Analysis]and 18% of girls are involved in child labour (UNICEF et al., 2018).


3 — Data and Descriptive Analysis

3.1. [bookmark: Data_Description]Data Description

As noted earlier, we use the data from the 2018 Lesotho Multiple Indicator Cluster Survey (MICS), conducted by the Lesotho Bureau of Statistics (BOS) under the Global MICS Programme, with technical and financial support from the United Nations Children’s Fund (UNICEF). The MICS 2018 is a two-stage cluster randomised household survey stratified by urban and rural areas within each district. In the first stage, census enumeration areas (EAs) were selected using probability proportional to size. In the second stage, households were selected within each selected EA using random systematic sampling based on the 2016 Population and Housing Census frame.
The 2018 MICS comprises a household questionnaire that collects basic demographic data on all de jure household members, as well as information on the household and dwelling features, and a questionnaire for women of reproductive age (15–49). It has a household response rate of 95.9%. The Lesotho MICS sample is not self-weighted (UNICEF et al., 2019) due to oversampling

in smaller districts. Therefore, sample weights are used in descriptive statistics. The education module in the household questionnaire includes a basic set of education indicators, including the highest level of education ever attended, the level of education currently attending, the level attended during the previous school year, and the total years of schooling completed.
The 2018 MICS also collected additional education-related data for a sample of children ages 5-17 years, administered to one randomly selected child in each household and their mother (or caretaker). From a total sample of 5,304 children selected to answer the questionnaire, 4,983 children (or 94%) aged 5-17 years completed it. The foundational learning module of the questionnaire was administered to 3108 children aged 7-14 years and collected information on foundational mathematics and reading skills (in Sesotho and English), which can be used to measure learning outcomes “expected for Grades 2 and 3” in numeracy and reading (Amaro & Mizunoya, 2020). Foundational reading skills included word recognition, literal questions, and inferential questions. Foundational numeracy skills included number reading, number discrimination, addition, and pattern recognition. A child is considered to have reading skills if they can correctly read, answer literal questions, and answer inferential questions. They are considered to have numeracy skills if they can correctly read numbers, discriminate numbers, add numbers, and respond to number patterns. We follow the MICS methodology explained in Amaro & Mizunoya (2020) to calculate these stills.
[bookmark: Variable_Description_and_Measurement]The child questionnaire module of the 2018 MICS also has child work questions. 4873 mothers of the children aged 5 to 17 responded to child labour participation questions. Therefore, for our analysis, we merge the household members’ data, the data on mothers or primary caretakers of the children aged 5-17 years (child data) and the data on the women of reproductive age (15–49). The sample size of all the children in the MICS data is 10,413. We restrict the working sample to 4983 children aged 5-17 years old because the children who participate in child labour in Lesotho are aged 5-17 years (UNICEF et al., 2018). Only 3108 children aged 7-14 years answered the foundational learning module questionnaire, except for the numeracy skills, where 2829 children aged 7-14 years answered the questionnaire.
3.2. Variable Description and Measurement

Our outcome variable, education, is measured by the completed years of schooling and foundational learning skills. A child is considered to have reading skills if they can correctly read, answer literal questions, and answer inferential questions. They are considered to have

numeracy skills if they can correctly read numbers, discriminate numbers, add numbers, and respond to number patterns. Again, completed years of schooling are the number of academic years a person has completed, or the highest grade attained. Students are expected to take twelve years to complete high school. Completed years of schooling are a long-run measure of education (Keane et al., 2022) and are easy to compute and interpret.
Child labour is the main control variable. It is a binary variable that equals 1 if a child aged 5-17 years is engaged in both economic and household chores activities for a certain time. Economic activities consist of working outside the household or working for a family farm or business, including paid or unpaid labour. Household chores consist of cooking, cleaning or childcare, and fetching water or gathering firewood.
We follow the ILO Convention No. 138 to measure child labour. Child labour equals 1 if she is: (1) aged 5-11 years and is involved in economic activities for 1 hour or more per week, or (2) aged 12-14 and is engaged in economic activities for 14 hours or more or in economic activity and household chores for 28 hours or more, (3) or aged 15-17 and engaged in economic activities and household chores for 43 hours and more. Note that this measure is only a partial indicator of child labour and does not capture all elements of child labour as defined in the three countries’ national legislation or other international conventions (such as ILO Convention No. 182 on the worst forms of child labour and the Convention on the Rights of the Child).2
[bookmark: Summary_Statistics]We use the mother’s education (measured as the highest level attained) as our monotone instrumental variable (more on this later). It has three categories: primary education or none, completed secondary education (junior and senior), and attained tertiary level.
3.3. Summary Statistics

Table 1 shows the summary statistics. We can see that the children have completed 5 years of schooling, on average. Foundational learning skills are very low: 13% of 7-14-year-olds have foundational numeracy skills, 27% of them have foundational English reading skills, and 31% of them have foundational Sesotho reading skills. The sample is gender-balanced, with 51% being female. Child labour participation is 13%, which is notably lower than the 32% reported by the UNICEF’s monitoring report on child labour in Lesotho (UNICEF et al., 2018). This difference can be attributed to the differences in the measurement of child labour; as highlighted above, our child labour indicator does not include all the forms of child labour. Most
2. [bookmark: _bookmark1]See also Resolution II of the 18th International Conference of Labour Statisticians: http://www.ilo.org/wcmsp5/groups/public/—dgreports/—stat/documents/normativeinstrument/wcms112458.pdf.

of the mothers (63%) have no education or only primary education, and, respectively, only 30% and 7% of them have secondary and tertiary education. 
[bookmark: _bookmark2]Table 1 — Summary Statistics


	Variables
	N
	Mean
	SD
	Min
	Max

	Years of Schooling
	4,860
	5.00
	3.02
	0
	12

	Foundational English reading skills
	3,108
	0.27
	0.44
	0
	1

	Foundational Sesotho reading skills
	3,108
	0.31
	0.46
	0
	1

	Foundational Numeracy skills
	2,829
	0.13
	0.34
	0
	1

	Female
	4,983
	0.51
	0.50
	0
	1

	Child labour
	3,716
	0.13
	0.34
	0
	1

	Mother education: None or Primary
	4,873
	0.63
	0.48
	0
	1

	Mother education: Secondary
	4,873
	0.30
	0.46
	0
	1

	Mother education: Tertiary
	4,873
	0.07
	0.25
	0
	1


Source: Own calculations using Lesotho 2018 MICS data. Notes: Sample is children aged 5-17 years, except for foundational learning skills, where the sample is children aged 7-14 years.


































Figure 1 shows that these differences in educational outcomes associated with participation in child labour are statistically significant. These disparities suggest that child labour reduces the time and cognitive resources available for learning foundational skills and reduces exposure to fundamental opportunities provided through schooling. Thus, child labourers fall further behind other children in subsequent educational opportunities that will shape their future academic and socio-economic successes.

Figure 1 — Child Labour by Educational Outcomes


(a) Years of Schooling	(b) English reading skills% with Foundational English Reading Skills
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(c) Sesotho reading skills	(d) Numeracy skills% with Foundational Sesotho Reading Skills
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Source: Own representation using Lesotho MICS 2018 data. Notes: Sample is the children aged 5-17 years, except for the foundational learning skills, where the sample is the children aged 7-14 years.

3.4. [bookmark: Descriptive_Analysis]Descriptive Analysis

Table 2 — Summary Statistics by Child Labour Participation Status


Not in Child Labour	In Child Labour

	Variables
	N
	Mean
	SD
	
	N
	Mean
	SD

	Years of Schooling
	3,154
	5.67
	2.86
	
	514
	4.79
	2.57

	Foundational English reading skills
	2,064
	0.31
	0.46
	
	377
	0.22
	0.42

	Foundational Sesotho reading skills
	2,064
	0.36
	0.48
	
	377
	0.26
	0.44

	Foundational Numeracy skills
	1,958
	0.16
	0.37
	
	342
	0.07
	0.26

	Female
	3,194
	0.55
	0.50
	
	522
	0.38
	0.49

	Mother education: None or Primary
	3,101
	0.62
	0.49
	
	508
	0.70
	0.46

	Mother education: Secondary
	3,101
	0.31
	0.46
	
	508
	0.26
	0.44

	Mother education: Tertiary
	3,101
	0.07
	0.26
	
	508
	0.03
	0.18


Source: Own calculations using Lesotho 2018 MICS data. Notes: The sample is children aged 5-17 years, except for foundational learning skills, where the sample is children aged 7-14 years.

Table 2 presents the summary statistics of key variables by child labour participation status. The data reveal that the children engaged in child labour consistently exhibit poorer educational outcomes compared to their peers who are not. Specifically, the children in child labour have, on average, 0.88 fewer years of schooling. Table 2 also shows that 38% of the children involved in child labour are female, and 55% of those not engaged in child labour are female. Only 7% of these children possess foundational numeracy skills; 22% demonstrate foundational English reading skills; and 26% exhibit foundational Sesotho reading skills; compared to 16%, 31%, and 36%, respectively, amongst the children not involved in child labour. This result is clearly seen in Figure 2, which shows that child labour participation decreases as the mother’s level of education increases. This suggests that child labour is high in poor households (that is, those with low maternal education), potentially due to economic pressures and/or a lack of awareness regarding the value of education, and low in rich households (that is, those with high maternal education). Therefore, higher maternal education (or more resources) appears to have a protective effect against child labour.


[bookmark: _bookmark3]
[bookmark: _bookmark6][bookmark: _bookmark7]Figure 2 — Child Labour by Mother’s Level of Education
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Source: Own representation using Lesotho MICS 2018 data. Notes: Sample is the children aged 5-17 years, except for the foundational learning skills, where the sample is the children aged 7-14 years.
[bookmark: _bookmark8]
Table 3 — Summary Statistics by Child Labour Participation Status


Boys	Girls

	Variables
	N
	Mean
	SD
	
	N
	Mean
	SD

	Years of Schooling
	2,426
	4.84
	2.84
	
	2,434
	5.17
	3.17

	Foundational English reading skills
	1,568
	0.21
	0.40
	
	1,540
	0.33
	0.47

	Foundational Sesotho reading skills
	1,568
	0.25
	0.43
	
	1,540
	0.37
	0.48

	Foundational Numeracy skills
	1,411
	0.11
	0.32
	
	1,418
	0.15
	0.36

	Child labour
	1,747
	0.18
	0.38
	
	1,969
	0.10
	0.30

	Mother education: None or Primary
	2,465
	0.64
	0.48
	
	2,408
	0.62
	0.49

	Mother education: Secondary
	2,465
	0.30
	0.46
	
	2,408
	0.30
	0.46

	Mother education: Tertiary
	2,465
	0.06
	0.24
	
	2,408
	0.08
	0.27


Source: Own calculations using Lesotho 2018 MICS data. Notes: The sample is children aged 5-17 years, except for foundational learning skills, where the sample is children aged 7-14 years.

Table 3 presents the summary statistics, disaggregated by gender. The average of the completed years of schooling for the girls is 5.17 years, compared to an average completion of 4.84 years for the boys. 3 In addition, it highlights the differences in maternal education levels between the children engaged in child labour and those who are not. Amongst the children involved in child labour, 62% of girls have their mothers who have no education or only primary education; 30% have secondary education; and just 8% have tertiary education. In contrast, for the boys involved in child labour, 64% of their mothers have no education or primary education; 30% have secondary education; and 6% have tertiary education.
Figure 3 shows the relationship between child labour and educational outcomes disaggregated by gender. First, the figure reveals that, on average, more girls possess foundational learning skills and have more years of schooling than boys. These results highlight gender disparity in child labour, with more boys involved in labour than girls. On the one hand, from panels (a)-(d), we can see that there are no statistically significant differences in education outcomes of girls involved in child labour compared to those not involved in child labour.
3. [bookmark: _bookmark4]We can also find that more boys (18%) are engaged in child labour compared to girls (10%).

[bookmark: _bookmark5]






Figure 3 — Child Labour, Educational Outcomes by Gender
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Source: Own representation using Lesotho MICS 2018 data. Notes: Sample is the children aged 5-17 years, except for the foundational learning skills, where the sample is the children aged 7-14 years.

On the other hand, the child labour’s association with education outcomes are concentrated amongst the boys: the boys who are engaged in child labour have significantly lower years of schooling, foundational reading, and foundational numeracy skills. This may partly be related to factors such as the gendered division of labour and social expectations: boys are doing heavier or more time-consuming labour tasks (for example, herding animals) that significantly compromise their schooling, whereas girls are performing mostly household chores in addition to attending school, although sometimes with difficulty.
[bookmark: Empirical_Strategy]In sum, the preliminary evidence presented in this section shows a strong negative correlation between child labour participation and learning outcomes. There are more boys involved in child labour than girls, and boys have, on average, worse educational outcomes than girls. This is largely driven by the learning outcomes of the boys engaged in child labour. While these results are intuitive and largely consistent with some prior literature and widely held views in the international policy discourse, they are not causal. In the next section, we describe the empirical strategy that we use to tease out the cause-effect of child labour.

4 — Empirical Strategy

This paper aims to estimate the average causal impact of child labour on educational outcomes-attainment and foundational skills. We adopt the non-parametric bounds method from
Manski (1989, 1990, 1995) and Manski & Pepper (2000). This method is well-suited for causal identification with cross-sectional data, where it is often difficult to find a credible causal point identification strategy.
This section details how to partially identify the causal effect of child labour with the non-parametric bounds approach. We draw heavily from De Haan (2017, 2011) and Germinario et al. (2022) to explain how this strategy works. The average treatment effect (ATE) can be stated as follows:

∆(t = 1, t = 0) = E[y(t = 1)] − E[y(t = 0)]	(1)

where y is the outcome of interest, for example, the child’s completed years of schooling or foundational skills; and t is the treatment variable, which equals 1 if a child is in child labour and 0 otherwise. Thus, ATE is the difference between two potential outcomes - the average education observed when a child is in child labour ( E[y(t = 1)]) and the education observed when a child is not in child labour ( E[y(t = 0)]). However, the identification of the ATE is difficult because we can only observe a child in either of the two states - in child labour or not in child labour - at any point in time. Therefore, the potential outcome y(t = 1) is unobserved for the children who are not in child labour, and the potential outcome y(t = 0) is unobserved for the children in child labour. This identification problem can be highlighted by using the Law of Iterated Expectations to write the expected potential outcome E[y(t = 1)] as follows:

E[y(t = 1)] = E[y|z = 1] · P[z = 1] + E[y(t = 1)|z = 0] · P[z = 0]	(2)
where z is the treatment (child labour status) a child actually received; P[z = 1] and P[z = 0] are the probabilities of participating and not participating in child labour, respectively. To simplify the notation, we replace E[y(t = 1)|z = 1] with E[y|z = 1].
The data contains information on y and can identify the sample analogues of all the
quantities on the right side ( E[y|z = 1], P[z = 1], and P[z = 0]) except the counterfactual average educational outcome for the children who are in child labour if they had not been in child labour, E[y|z = 0]. We can also decompose the average treatment effect E[y(t = 0)] and obtain similar results.
Manski (1989) shows that we can bound the average treatment effect using only the available data without imposing any additional assumptions as long as the dependent variable is bounded.
Manski (1989) suggests substituting the unobserved potential outcomes, E[y(t = 1)|z = 0]
and E[y(t = 0)|z = 1], with the minimum value (ymin) of the outcome variable to get the
lower bounds on E[y(t = 1)] and E[y(t = 0)], and then substituting the potential outcomes with the maximum value (ymax) to the upper bounds:

E[y|z = 1] · P[z = 1] + ymin · P[z = 0]
≤ E[y(t = 1)] ≤
[bookmark: _bookmark9]E[y|z = 1] · P[z = 1] + ymax · P[z = 0]
(3)
E[y|z = 0] · P[z = 0] + ymin · P[z = 1]
≤ E[y(t = 0)] ≤
E[y|z = 0] · P[z = 0] + ymax · P[z = 1]
Therefore, from equation 3, we get the no-assumption lower (respectively, upper) bound on the ATE ∆(t=1,t=0) by subtracting the upper (lower) bound of E[y(t = 0)] from the lower (upper) bound of E[y(t = 1)]. Therefore, the no-assumption (worse-case) bounds are as follows:
E[y|z = 1] · P[z = 1] + ymin · P[z = 0] − E[y|z = 0] · P[z = 0] − ymax · P[z = 1]
≤ ∆(t=1,t=0) ≤
E[y|z = 1] · P[z = 1] + ymax · P[z = 0] − E[y|z = 0] · P[z = 0] − ymin · P[z = 1]


(4)


[bookmark: Monotone_Treatment_Selection_Assumption_]The true value of the causal impact of child labour on schooling should fall within these no-assumption bounds. These bounds are, however, very wide and can be uninformative. To tighten these bounds, and approximate the true causal effect of child labour on educational outcomes, we layer three relatively weak non-parametric bounds assumptions - the monotone treatment selection, monotone treatment response, and monotone instrumental variable assumptions - introduced by Manski & Pepper (1998) and Manski & Pepper (2000).


4.1. Monotone Treatment Selection Assumption (MTS)

The MTS assumption captures the notion that the children who "self-selected" child labour (t = 1) have lower potential schooling outcomes. Thus, the MTS assumption states that the average educational outcome that would be observed for children participating in child labour should be lower or equal to those who do not if we compare two groups: the children participating in child labour (z = 1) and those who are not participating (z = 0). Formally, the non-positive MTS assumption states that,

[bookmark: _bookmark10]E[y|z = 1] ≤ E[y|z = 0]	(5)

Equation 5 states that if all the children were to participate in child labour (t = 1 or t = 0), those who are currently participating in child labour (z = 1) will, on average, not perform better than those who are currently none participants (z = 0). We cannot test this assumption because some potential outcomes are counterfactual. However, given that most evidence points to zero or detrimental effects of child labour on educational outcomes, we consider this assumption plausible in our case. Further, our data provides indirect support to the plausibility of this assumption as it shows that the children in child labour have worse educational outcomes than those not in child labour (see Table 1 and Figure 1).  Under the MTS assumption, the potential average education of children who are currently not in child labour, if they were to participate, they will not be lower than the observed average education of those actually participating in child labour. Therefore, we can tighten the bounds for E[y(t = 1)] in equation 3 by using E[y(t)|z = 1] as the lower bound and, analogously, use E[y(t)|z = 0] as the upper bound on the average potential education of not being in child labour ( E[y(t = 0)]). 








Therefore, the MTS bounds can be written as follows:

E[y|z = 1]
≤ E[y(t = 1)] ≤
[bookmark: _bookmark11]E[y|z = 1] × P[z = 1] + ymax × P[z = 0]
(6)
E[y|z = 0] × P[z = 0] + ymin × P[z = 1]
≤ E[y(t = 0)] ≤
E[y|z = 0]
As before, the lower (respectively, upper) bound on the ATE ∆(t=1,t=0) is calculated by subtracting the upper (lower) bound of E[y(t = 0)] from the lower (upper) bound of E[y(t = 1)] resulting in the following:


E[y|z = 1] − E[y|z = 0]
≤ ∆(t=1,t=0) ≤
E[y|z = 1] × P[z = 1] + ymax · P[z = 0] − E[y|z = 0] · P[z = 0] − ymin × P[z = 1]


(7)


4.2. [bookmark: Monotone_Treatment_Response_Assumption_(]Monotone Treatment Response Assumption (MTR)

The MTR assumption assumes that participating in child labour does not increase education outcomes (Manski & Pepper, 2000, 2009). Formally, for each child and any treatment levels t0, t1,

t1 ≥ t0 =⇒ y(t = 1) ≤ y(t = 0)	(8)

[bookmark: Monotone_Instrumental_Variable_Assumptio]This assumes that all the children participating in child labour have weakly worse educational outcomes. This might not hold for some individuals. However, consistent with most of the literature, this might hold on average. Fortunately, in our case, the MTR assumption is implied by the MTS assumption because the treatment (child labour) is binary. The MTS bounds are exactly the same. Therefore, it does not help us much to narrow the bounds.



4.3. Monotone Instrumental Variable Assumption (MIV)

The MTS bounds are further narrowed by layering the monotone instrumental variable (MIV) assumption. An MIV is a variable with a monotone (weakly positive or negative) mean relationship with potential education. Therefore, unlike the strong exclusion restriction in Instrumental Variable (IV) models, which requires an IV that is orthogonal to education, the MIV assumption is weaker. Further, under the MIV assumption, there is no requirement for the variable to have a causal effect on the outcome (education).
Assuming that the data includes information on child labour participation, education outcomes, and another variable ν satisfying the following weakly increasing MIV assumption, we can tighten the bounds. Specifically, ν is considered the valid MIV if it satisfies the following assumption (Manski & Pepper, 2000, 2009):

[bookmark: _bookmark12]m1 ≤ m ≤ m2 =⇒ E[y(t)|ν = m1] ≤ E[y(t)|ν = m] ≤ E[y(t)|ν = m2], t = 0, 1  (9)

In this paper, we use the mother’s highest level of education attained as a MIV, which we consider to be a valid MIV because increasing a the mother’s education level by a year increases the probability of a child completing more years of schooling (De Haan, 2011). Unlike fathers, mothers tend to have higher levels of involvement in their children’s education. Figure 2 shows a strong negative relationship between mothers’ education and child labour participation. We divide the mother’s educational level into three categories - primary or no education, secondary education, and tertiary education - and compute the MTS bounds within each level of education.
   Equation 9 implies that the lower bound on E[y(t = 1)|ν = m] is no lower than the lower
bound on E[y(t = 1)|ν = m1] and it is no higher than the upper bound on E[y(t = 1)|ν = m2].
For the sub-sample where ν has a value of m, we can thus obtain a new lower bound on the mean potential education of being in child labour. This can be done by taking the largest lower
bound over all the bins where ν ≤ m. Similarly, we can obtain a new upper bound by taking
the smallest upper bound over all the sub-samples where ν ≥ m. The MIV + MTS bounds are then obtained by taking the weighted average of the MIV bounds over ν (which follows from
the law of iterated expectations):

Σ
[bookmark: _bookmark13]m∈M

Σ
m∈M


P[ν = m] × [maxm1≤mLB E[y(t=1)|ν=m1]]

≤ E[y(t = 1)] ≤
P[ν = m] × [minm2≥mUB E[y(t=1)|ν=m2]]




(10)

where LB is the MTS lower bound from equation 6 on E[y(t = 1)] at values ν = m1 of the MIV, and UB is the MTS upper bound on E[y(t = 1)] at values ν = m2 of the MIV. Once again, the MIV+MTS lower (upper) bound on the ATE ∆(t=1,t=0) is calculated by subtracting the upper (lower) bound of E[y(t = 0)] from the lower (upper) bound of E[y(t = 1)] and gives us the following:


Σ P[ν = m] × [maxm1≤mLB E[y(t=1)|ν=m1]] − Σ P[ν = m] × [minm2≥mUB E[y(t=0)|ν=m2]]
m∈M	m∈M
≤ ∆(t=1,t=0) ≤

Σ
m∈M

P[ν = m] × [minm2≥mUB E[y(t=1)|ν=m2]] − Σ
m∈M

P[ν = m] × [maxm1≤mLB E[y(t=0)|ν=m1]]
[bookmark: Estimation_and_Inference](11)


4.4. Estimation and Inference

We estimate the non-assumption and MTS bounds by plugging in sample means and probabilities in the corresponding expressions of the bounds. Since the plug-in estimators in equation 10 are potentially biased in finite samples, thus making them narrower relative to the corresponding true identified set, and the corresponding confidence intervals do not have the expected coverage of the desired level. We follow De Haan (2017) and perform inference by constructing Imbens & Manski (2004) confidence intervals. The 95% confidence interval is given as follows:
CI0.95 = (lˆb − CIM × σˆlb, uˆb + CIM × σˆub)	(12) where lˆb and uˆb are the estimated lower and upper bounds, respectively. σˆlb and σˆub are
the estimated standard errors of the lower and upper bounds that are estimated through 1000 bootstrap replications. We estimated the parameter CIM by solving the following equation:

[image: ]                                              (13)

5 [bookmark: Results_and_Discussions]— Results and Discussions

5.1. [bookmark: Main_Results]Main Results

This section presents the non-parametric bounds of the impact of child labour on the completed years of schooling and foundational learning skills: English reading skills, Sesotho reading skills, and numeracy skills. First, we present the main results and then the results disaggregated by the child’s gender.
Figure 4 presents the non-parametric bounds around the impact of child labour on the completed years of schooling. The y-axis is the average treatment effect, and the x-axis shows the point estimate of average treatment effect (ATE), and the non-parametric bounds on the effect of child labour on educational attainment under different assumptions. The no-assumption bounds (NOAS), the monotone treatment selection (MTS), and the combination of MTS and monotone instrumental variable (MTS-MIV). The bias-corrected 95% confidence interval is in parentheses.
   The results reveal that the average treatment effect of child labour on the years of schooling
is −0.88 years, which is a statistically significant negative impact. However, this estimate may be biased and hence an unreliable causal effect of child labour on educational achievement due to the non-random participation in child labour.
We then present the no-assumption (worse-case) bounds in Figure 4, which show us what can be learned about the causal effect using only the available data without imposing additional assumptions. We produce these no-assumption bounds by substituting the unobserved outcomes with the minimal (0) and maximal (12) years of schooling completed by a child. The no-assumption bounds indicate that the causal effect of child labour on education is within [−5.90, 6.13], which is too wide and uninformative. We then add the MTS assumption, which means that the years of schooling are non-increasing in child labour. This assumption reduces the lower bound to −0.88, which is equal to the average treatment effect, while the upper bound remains at 6.13.
To further tighten these bounds, we use the mother’s education as a MIV and combine it with the MTS assumption. This tightens the bounds to [−0.78, 5.67], which still includes zero,

[bookmark: _bookmark14]Figure 4 — Impact of Child Labour on Educational Attainment
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method, suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV


and cannot be narrowed any further with the available data. It also includes zero within these bounds, showing that, the causal effect of child labour on schooling is ambiguous in Lesotho. Figure 5 presents the results for the causal effect of child labour on the foundational numeracy skills. We follow a similar procedure as in Figure 4 above to produce these results. Again, we find a statistically significant average treatment effect (ATE) of −0.09, implying that child labour reduces the proportion of the children with foundational numeracy by 9 percentage points. Again, this is potentially biased, hence, we report the bounds for the MTS-MIV. We can see that, although the tighter MTS-MIV bounds [−0.08, 9.28] exclude the ATE, they are still wide and include zero. This suggests that the effect of child labour on foundational numeracy skills is inconclusive; it can reduce the proportion of numeracy skills
by 8 percentage points or increase it by as much as 928 percentage points.

[bookmark: _bookmark15]Figure 5 — Impact of Child Labour on Numeracy
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method is suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV


Figures 6 and 7 display the estimated impact of child labour on the foundational English and Sesotho reading skills, respectively. In Figure 6, the estimated Average Treatment Effect (ATE) of child labour on the foundational English reading skills is −0.09, suggesting a slight negative impact. However, the tighter the MTS-MIV bounds of [−0.07, 9.12] indicate considerable ambiguity, encompassing a wide range of potential effects, including zero. 
Figure 6 — Impact of Child Labour on Foundational English Reading
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method is suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV

Similarly, Figure 7 reports an ATE of −0.09 for foundational Sesotho reading skills, with MTS-MIV bounds of [−0.07, 9.09], further underscoring the uncertainty. While these data hint at a minor negative effect of child labour on reading skills, the bounds allow for the possibility of no or even a positive effect, rendering the results inconclusive overall.

Figure 7 — The Results on the Average Impact of Child Labour on Foundational Sesotho Reading
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method, suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV


Overall, our findings suggest that the average effect of child labour on various educational outcomes is inconclusive, although in some cases, the bounds predominantly lie in the positive region. These results align with prior evidence from Phoumin (2008); Kana et al. (2010); Zabaleta (2011); and Dumas (2012), which indicates that the impact of child work on education is context-dependent. Specifically, some studies have found that below a certain threshold, child work does not adversely affect educational outcomes Phoumin (2008); Zabaleta (2011); Dumas (2012), and they are consistent with the theoretical predictions of Fan (2004). Similarly, Kana et al. (2010) report no causal effect of child work on schooling. These prior studies typically measure child labour using the hours of work. Nonetheless, we employ the ILO definition to measure child labour; as a result, our findings may converge because, in Lesotho, the children engaged in child labour are likely working below the critical tipping point at which their effects on education would become distinctly negative.

Beyond methodological differences, another possible explanation for the discrepancy between our findings and prior evidence, which often shows a negative correlation between child labour and educational outcomes (Kassouf et al., 2020; Lee et al., 2021; Keane et al., 2022). This lies in the context of low-income settings like Lesotho. In such environments, child labour and education may function as complementary activities. Specifically, the income generated from child labour might help finance schooling, as suggested by De Hoop et al. (2019). In these cases, the adverse effects of child labour — such as fatigue and reduced time for studying
[bookmark: Heterogeneity_Analysis_by_Child's_Gender]— could be mitigated by the positive impact of increased financial resources dedicated to education.
5.2. Heterogeneity Analysis by Child’s Gender

This sub-section shows the heterogeneity analysis of the impact of child labour on educational outcomes-attainment and foundational skills by the child’s gender. The y-axis is the average treatment effect, and the x-axis shows the point estimate (ATE) and assumptions of the non-parametric bounds used to examine the effect of child labour on educational attainment. The ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable.
The presented bounds are bias-corrected using the bootstrap bias-correcting method suggested by Kreider & Pepper (2007). The bootstrap bias-correction method addresses the biases generated by imposing all the non-parametric assumptions because of using the sub-samples in the data. The 95% confidence interval (in the parentheses) is used to address the selection bias in the sample. The confidence intervals show that the true effect or the bounds should be within the confidence interval after controlling for the bias. The 1000 bootstrap replications show that the sampling is done with replacement 1000 times for the non-parametric bound results to be consistent. Child labour’s effects may differ due to different genders’ work activities (Kimane, 2005; Metsing et al., 2020; Mokuku & Mokuku, 2004).






In this sub-section, we follow the same procedure as shown in Figure 4. 
Figure 8 — The Average Impact of Child Labour on Completed Years of Schooling for Girls and Boys
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method is suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).

Figure 8 shows the child labour impact on the completed years of schooling amongst the girls and boys. For the girls, the data show that child labour has an almost negligible effect on the completed years of schooling for the girls aged 5 to 17 years, with an ATE of −0.13, and the MTS-MIV of [−0.12, 5.72]. The evidence further underscores the uncertainty about child labour and its relationship with the girls’ educational attainment, as can be seen by the wide and crossing bounds. Conversely, for the boys, the ATE of -1.32 implies that, on average, child labour cuts the number of years of completed education amongst the boys by 1.32. The negative sign agrees with general expectations that child labour reduces the time and energy that the boys can invest in education. The MTS-MIV bounds are much tighter at [−1.15, 5.60]. This tight bound also supports the hypothesis that child labour has a negative effect but also allows for individual differences or minor positive effects.


Figure 9 — The Average Impact of Child Labour on Numeracy for Girls and Boys
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method, suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV
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Figure 9 estimated the ATE of −0.06 for the girls. This small negative child labour impact suggests that the girls who are labourers may average a marginal loss in numeracy. As for boys, the data show that child labour in Lesotho is probably slightly negative, but highly uncertain regarding their numeracy skills, with the estimated ATE of −0.10 suggesting modest adverse effects. This would reflect the general expectation that child labour could hinder learning due to reduced time and cognitive resources. However, the MTS-MIV bounds of [−0.47, 9.73] for the girls and [−0.07, 8.71] for the boys, respectively, reflect a possible slightly larger negative shock. Therefore, the findings suggest that the overall effect of child labour on numeracy skills for girls and boys is inconclusive in Lesotho.
Moreover, Figure 10 shows the ATE of −0.04 and −0.09 for English reading skills amongst the girls and boys in child labour, respectively, suggesting negative effects. Again, the MTS-MIV estimate of [−0.02, 9.54] and [−0.06, 8.54] for the girls and boys, correspondingly, reflects a possible larger negative impact, especially for boy children. The consistently wide range

[bookmark: _bookmark19]across these estimates underscores the uncertainty.

Figure 10 — The Average Impact of Child Labour on Foundational English Reading Skills for Girls and Boys
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method, suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV
MTS−MIV


Lastly, Figure 11 illustrates the child labour results for both girls and boys on the foundational Sesotho reading skills. On the one hand, the data reports the ATE of 0.05 for the girls and the MTS-MIV bounds of [0.04, 9.54], consistent with a positive effect. This reveals that child labour can increase the proportion of the girls’ Sesotho reading skills by at least 4 and at most 954 percentage points. On the other hand, the ATE of −0.15 for the boys’ Sesotho reading skills suggest the adverse effects. Again, the MTS-MIV bounds of [−0.12, 8.54] indicate considerable ambiguity amongst the boys. Although the boys may be more affected by child labour, especially in the foundational reading skills, the effects on the girls are less severe, with some signs of a slight positive influence on Sesotho’s reading skills.






Figure 11 — The Average Impact of Child Labour on Foundational Sesotho Reading Skills for Girls and Boys
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Source: Own representation using Lesotho MICS 2018 data. Notes: ATE is the average treatment effect; the NOAB is the no-assumption bounds; the MTS is the monotone instrumental variable; and the MTS-MIV combines monotone treatment selection and monotone instrumental variable. The bootstrap bias-correcting method, suggested by Kreider & Pepper (2007). Imbens & Manski (2004) approach, with 1000 bootstrap replications was used to get 95% confidence intervals (in parentheses).MTS−MIV
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Overall, our heterogeneity analysis suggests that, except for the girls’ foundational Sesotho reading skills, the impacts of child labour on educational outcomes are mixed. The girls’ results agree with the studies, such as Emerson & Knabb (2006); Beegle et al. (2009); Patrinos & Psacharopoulos (1997). They argue that the relationship between child labour and the girls’ educational outcomes may be complex and uncertain, depending on a set of factors that include socio-economic conditions, cultural norms, and access to education. However, the positive effect of child labour on girls’ foundational Sesotho reading skills (see figure11) is consistent with Dumas (2012); Watson (2008), who attribute this to the work activities enhancing human development, such as cashiers improving mathematics skills. This contrasts with the longitudinal studies like Emerson & Souza (2011); Gunnarsson et al. (2006); Le & Homel (2015), which show negative effects, illustrating the complexity of this relationship.
For the boys, our findings support Beegle et al. (2009); Gunnarsson et al. (2006); Emerson & Souza (2011), in emphasising the negative and sometimes indeterminate impact that child labour has on the boys’ education, often due to the reasons of socio-economic status or the quality of the school. However, the studies by Dumas et al. (2008); Phoumin (2008); Watson (2008) found positive effects as hard-physical activities encourage emotional maturity and character development. For example, herding helps the boys build up wealth for later life responsibilities and promotes greater participation in environmental and agricultural education (see Kimane (2005)). However, these findings are inconsistent with the findings of Hamenoo et al. (2018); He (2016); Lee et al. (2021), who find long-term detrimental effects and point out that human capital accumulation is a gradual process.
These results underline the need to consider gender-specific factors since the type of work and its interaction with education differ greatly between the boys and girls.

6 [bookmark: Conclusion]— Conclusion

The paper investigates the impact of child labour on educational outcomes in Lesotho, using the data from the Lesotho 2018 Multiple Indicator Cluster Survey. We apply the non-parametric bounds analysis approach to generate the upper and lower bounds of the effects of child labour on education. We find inconclusive results for all the educational outcomes (completed years of schooling, foundational English reading skills, Sesotho reading skills, and Numeracy skills). These results are in contrast with the extant literature, which reveals the positive to no effect and the detrimental effect of child labour on a child’s education. Hence, there is strong evidence that results are mixed and appear to be context-specific.
Moreover, while accounting for endogeneity using a monotone instrumental variable (MIV), we find a strong negative relationship between maternal education and child labour participation for the mother’s education level. This relationship underlines the importance of maternal education in tackling child labour, emphasising the investment in the women’s education as part of the broader socio-economic development goals. Furthermore, we also test for gender-specific effects and find that the societal expectations and responsibilities led to the diverging impact of child labour on boys’ and girls’ education. The findings underline the relevance of considering interventions that target the general and gender-specific implications of child labour on education.
This paper, however, has several limitations. First, the paper relies on the outdated data from 2018, which may not reflect the actual problem, and the results might differ with more up-to-date data. Second, the paper utilises survey data with missing values and possible reporting errors. Response bias reduces the sample size, while non-random sampling results in sample selection bias, where the victims of child labour may be excluded. Last, the cross-sectional nature of the data limits our ability to draw causal inferences, and the reliance on maternal education as the sole instrumental variable constrains the scope of the analysis.
Despite these limitations, our findings suggest that policy interventions must address the gendered differences of the child labour’s effects. For the boys, child labour exerts a more severe negative impact on foundational skills; However, there is a positive association with Sesotho reading for the girls. The efforts towards reducing the burden of market work and household chores for the boys are therefore essential, and this should occur along with strengthened support systems that enhance the girls’ acquisition of skills. Targeted approaches will limit the harmful effects of child labour and ensure equity in education.
 
Moreover, future research should explore longitudinal data to capture the long-term impacts of child labour on education. Expanding the analysis to parametric methods can enhance causal inference and provide actionable insights into effective intervention.
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