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 In developing countries, child labor has become a significant problem with adverse effects in the 
present and future for society and individuals. There are many causes that obligate children to 
abandon school and start working. Economic, social, familiar, and personal problems can expel 
children from school, inhibiting them from living appropriately. Polls like the ENAHO in Peru 
tried to recollect relevant data as much as possible to explain this problem. With many variables, 
it is necessary to have a methodology to build an algorithm with enough explanatory power to 
explain the situation. Therefore, this research elaborated an algorithm through Lasso to 
proportionate a statistical explanation of child labor. Due to the type of data, the regression was 
logistic. 
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1. Introduction 

 

Child labor is a global issue with adverse effects on youngster development (Morales & Vargas, 2019). Besides, exploitation 
in many forms is a constant threat (Bureau of International Labor Affairs, 2019). Consequently, people and organizations 
are making efforts to eradicate child labor. However, today children must work to survive (Velazco, 2016). Hence, in Latin 
America, 7.3% of children and adolescents work (Ruiz, 2019). In Peru, the Andean region concentrates 65.3% of children 
labor cases (Instituto Nacional de Estadística e Informática, 2011). Poverty is the main reason for child labor and probably 
school dropout. For instance, Huebler (2008) found an inverse relationship between child labor and school attendance, 
where poverty was an important motivation. Additionally, Adam et al. (2016) encountered that poverty pushed children to 
generate income immediately to survive. However, income level is not the only factor for school dropout. For instance, 
Abud (2015) found that family culture was essential to understanding the value of education as a key to better opportunities 
in the future. Consequently, there are economic, social, spatial, and temporal grounds (Revenberg, 2015).  

There are negative psychological and physical consequences of child labor (Uddin et al., 2011). Those effects are long-
lasting for the children. Moreover, a country cannot accumulate human capital due to child labor. Working hours force 
children to start missing classes and eventually drop out of school (Khan et al., 2011). Hence, the postponement of skills 
acquisition in years of education damages the country's economy and cuts its potential because of the lack of knowledge 
and technology (Edmonds, 2015)). Therefore, it is necessary to identify and understand the factors that push children to 
start working and leaving school to elaborate an algorithm for prevention strategies. 
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2. Literature review  

Academic research has studied the determinants of school dropout and children's work. For instance, Morales and Vargas 
(2019) explored this phenomenon in Bolivia. Hence, they employed a probit model with family and social factors. 
Therefore, the study uncovered that family income, education degree, structure, and Bolivia's regional differences, were 
significant for children to continue school. 

Alike, Hernández and Vargas (2016) harnessed a Mexican survey to explore the association between children's employment 
and school dropout in urban areas. The researchers found that longer than 20 hours a week working hours and low salaries 
pushed students to abandon school. Furthermore, children's family characteristics and educational performance influenced 
the probability of school dropout. 

Moreover, Salata (2019) employed the multivariate logit model to investigate the causes of school dropout in Brazil. It 
showed that long working hours significantly increase the chances of dropping out of school. Moreover, the analysis found 
that socioeconomic status influenced school attendance. Then, the children's family cultural characteristics influenced their 
decision to stay at school.  

Machado et al. (2015) also studied the same phenomenon in Brazil in a specific region. That research employed regression 
and Logit models to obtain its results. The study found that male students leave school because of poor academic 
performance and low motivation, while pregnancy was the main reason for women. Besides, the research found that students 
had low motivation because of economic difficulties. Hence, they prefer to contribute to their family's current necessities 
by working instead of getting an education. 

Asian countries also deal with absenteeism and child labor. For instance, Khan et al. (2011) analyzed the factors behind 
child labor in rural Bangladesh. They utilized the Bengali household survey along with bivariate models. Hence, the research 
encountered inverse relationships between parents' academic level, family income, and gender with child labor. 
Furthermore, they located a higher mother study level effect than the father one regarding youngsters dropout. Moreover, 
in impoverished families, longer work hours make study hours smaller. Furthermore, the study found that girls are more 
eager to work longer hours than men, vaccinating more absenteeism and increasing their probability to drop out of school. 

Previous studies employed national household surveys as their data source. Also, they encountered that family income and 
educational level, along with child gender, were crucial factors of school dropout and child labor. However, a complete 
analysis should also consider the environmental characteristics where the children grow up. For instance, Alcázar (2009) 
found that rural areas had a higher school dropout ratio than urban ones.  

In Peru, Pariguana (2011)explored the determinants of school dropout and child labor. Hence, the research employed the 
bivariate probit model with the 2007 child labor survey. The analysis used the children's family expenditure, education 
level, head gender, language, living area, and children under care. Moreover, they considered students' age and gender. The 
research discovered that family earnings and living zones were determinants. The study found that many rural families had 
low incomes due to their head members' lack of education. Furthermore, many of them cannot even speak or write Spanish. 
Hence, rural students decide to work instead of studying to survive in a hostile environment.  

Consequently, this research will investigate school dropout and labor causes between five and fourteen-year-old students. 
Hence, this research will build an algorithm to examine those factors with further validation through the Logit analysis. It 
is necessary to add that this research will study the phenomenon in the central region of Peru since they are the epicenter of 
school dropouts (Miranda, 2018). 

3. Theoretical background   

Skoufias's model highlights the benefits of investing in human capital and education for the future (Skoufias, 2005). This 
model proposes that the child's future income will depend on his accumulated knowledge and skills. In the case of child 
labor, when the child works, he only receives a fraction of the income that the same person would receive if they 
accumulated human capital. Therefore, it is not easy to operate and study simultaneously, so in the case of children, they 
are sacrificing future income (Pariguana, 2011). Likewise, some factors can impact the decision to study or work for children 
(Pariguana, 2011). Based on the literature, these factors can be household expenditure, home chief gender, family 
educational level, children's gender, age, and repetition. Therefore, the current study will evaluate the factors that can affect 
the decision of school dropouts to work or keep studying. The following section will provide the theoretical scope.  
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3.1 School dropout and child labor 

According to Skoufias's model, education forms human capital, as stated before. The economic literature defined human 
capital in many ways. For instance, Becker & Tomes (1986) described human capital as the set of capabilities that an 
individual acquires by accumulating general or specific knowledge.  

A child is attending school for practical purposes when absences do not exceed three months, regardless of academic 
performance. Otherwise, it is going to be considered a situation of school dropout. This concept applies to the essential 
research database of the ENAHO of 2017. The current research will assume that working and studying are mutually 
exclusive. 

3.2 Child work 

Child labor interpretation varies according to the country's legal and social norms. Therefore, Velazco (2016) defines child 
labor as any activity that inhibits children from living and enjoying their potential and dignity, harmful to their development. 
Therefore, child labor is always an activity that threatens the health and personal development (Velazco, 2016). Otherwise, 
those activities can be positive for the children's development. For instance, these activities can include helping parents with 
household chores, support in a family business, or tasks done outside of school. 

Consequently, for research purposes, child labor is any activity that threatens personal development and stops children from 
receiving an accurate education. Specifically, according to Peruvian law, every person until twelve-year-old is a child. 
Moreover, the Peruvian Instituto Nacional de Estadísticas e Informatica establishes that, on average, a worker's children 
labor between 14 and 19 hours a week (Instituto Nacional de Estadística e Informática, 2011). 

4. Methodology  

Logistic regression assumes that k is a set of independent observations y1, ..., yk, and the i-th term realizes the random 
variable Yi (Rodriguez, 2007). Moreover, Yi is a variable with a binomial distribution therefore: 𝑌~𝐵(𝑛 ,𝜋 ) (1) 

Likewise, Rodriguez (2007) states that 𝑛  is the probabilistic binomial denominator 𝜋 . In addition, 𝑛  has individual data 
for all i, which provides the stochastic model structure. Additionally, the logit probability is the predictors' linear function. 
Then: 𝑙𝑜𝑔𝑖𝑡(𝜋 ) = 𝑥 𝛽 . (2) 

Here 𝑥  is the covariance vector, while 𝛽 is the logistic regression coefficient vector (Rodriguez, 2007). That equation 
becomes the definition of model structure. Since this model is linear with a binomial response and logit link (Rodríguez, 
2007), it is more appropriate to take into account the distribution 𝑌  then the error distribution 𝑌 − 𝜇 . Coefficient 𝛽 and 
other regressions might have the same interpretation; however, they are logit values instead of averages. Consequently, 𝛽 , 
is the logit probability change linked with a unit change in the j-th predictor while keeping all other predictors constant 
(Rodriguez, 2007).  

Once the exponential affects equation two, it is feasible to find that i-th is: = exp 𝑥 𝛽 .  (3) 

Rodriguez (2007) states that Eq. (3) defines a multiplicative model for probabilities. Hence, if the j-th predictor is changed 
by one unit and keeping the other variables constant, it is possible to multiply the chances with exp {𝛽 }, then: exp {𝑥 𝛽} exp 𝛽 . Therefore, exp {𝛽 } represents the probability which is helpful to understand the variables' effect. Consequently, 𝜋 probability is:  𝜋 =  { } { }.   (4) 

It is necessary to employ derivatives concerning 𝑥  because the last equation does not give any predictors probability 
(Rodriguez, 2007). Then: 𝑑𝜋𝑑𝑥 = 𝛽 𝜋 (1 − 𝜋 ). (5) 



  524

Eq. (5) shows that the j-th predictor in probability 𝜋  relies on coefficient 𝛽  and probability value, which gives a better 
understanding of predictors' probability. Complementary analyses such as goodness of fit, sensitivity, and specificity are 
necessary to check the statistical accuracy of the Lasso proposal.  

4.1. Lasso 

The Least Absolute Shrinkage and Selection operator is a machine-learning approach that seeks the optimal quantity of 
independent variables (Fonti, 2017). For Benvenuto et al. (2018), Lasso is a supervised machine learning approach.  

This method integrates wrapping and filtering methods (Fonti, 2017). Therefore, it can classify and erase coefficients 
(Tibshirani, 1996). Thus, Lasso can find a balance between variance and bias, allowing an optimal regression model without 
redundancy (Fonti, 2017). Equations six and seven provide the general form of Lasso: 𝑀𝑖𝑛 = [(||𝑌 − 𝑋𝛽|| )/𝑛] subject to ∑ ||𝛽|| < 𝑡,   (6) 
or 𝛽(λ) = 𝑎𝑟𝑔𝑚𝑖𝑛 (|| | | + λ||𝛽| | ).  (7) 

In Eq. (7), t >= 0 reflects the upper limit of the sum of the coefficients. In equation 7, |𝑌 − 𝑋𝛽||  is like to ∑ (𝑌 − (𝑋𝛽) ) ; and ||𝛽||  is  ∑ |𝛽 | y λ >=0. The λ –lambda- estimator manages the penalty force. Therefore, the 
penalty will have a direct correlation with λ. Moreover, λ and t have a negative relationship. Hence, when t goes to infinity, λ becomes 0. Only when the coefficient is zero does Lasso erases the variable.  

Model selection of λ will be two Cross-Validation and Adaptative. Cross-Validation, or CV, begins with splitting the sample 
into training and testing sub-samples for obtaining a robust estimation (Reitermanová, 2010). Then, the CV splits the 
samples into ten folds. Once CV picks a fold, a linear regression employs the non-chosen ones (Stata, 2019). Thus, the 
regression coefficients estimate the selected fold.  

Next, the technique gets the coefficients for the other folds. Therefore, the CV approach obtains ten average squared errors 
or MSE (Stata, 2019). The function stops when Lasso finds the λ minimum value. As a final step, the CV approach chooses 
the λ with the highest prediction power and the littlest MSE.  

Meanwhile, the Adaptive Lasso or AV employs the previously described technique to select λ but in higher frequencies. 
Therefore, the AV model executes multiple functions simultaneously. Similar to CV, the AV function erases coefficients 
with zero values. However, the weak coefficients obtain penalty weights to make them become zero in the next step. 
Consequently, AV only chooses strong coefficients AV with the same methodology as the CV (Stata, 2019). 

The way to select from CV or AV in logit regression is by looking at the deviance and deviance ratio. Therefore, the current 
study will choose the model with the lowest deviance or the highest deviance ratio.  

In summary, the current study will employ the Lasso approach to find the predictors for the logit function. The study will 
analyze the selected variables using the previously described process. Results evaluation must ensure that the regression is 
accurate and provides correct information. Moreover, a marginal analysis will also be required to notice how each regressor 
contributes to the decision put in the dependent variables. The hanging and decision variables are as follows: a child studies 
and does not work, or a child works and does not study.  

5. Results 

Table 1 
Initial variables  

Independent variables Dependent variable 
Chief home gender 

Children work 

Home chief education level 
Student gender 
Academic Failure 
Geographic origin 
Native language 



R. B. Q. Fabian et al.  / Decision Science Letters 11 (2022) 
 

525

Literacy 
Poverty  
Social stratification 
Table 2  
Lasso Results 
Lasso 
model ID Lambda Number of nonzero 

coefficients 
Out/of/sample deviance 
ratio Mean deviance 

Cross 
validation 

1 0.042 0 0.002 5.35E-01 
9 0.002 9 0.120 4.70E-01 
*10 0.002 9 0.120 4.70E-01 
11 0.001 9 0.120 4.70E-01 
14 0.000 10 0.119 4.71E-01 

Adaptive 

24 0.430 0 0.000 5.35E-01 
60 0.001 8 0.124 4.68E-01 
*61 0.001 8 0.124 4.68E-01 
62 0.001 8 0.124 4.68E-01 
99 0.000 8 0.124 4.68E-01 

 
Table 3  
Model selection 

Lasso model Sample Deviance Deviance 
ratio Obs 

Cross validation* 
Training 0.461 0.137 2376 
Validation 0.503 0.132 1631 

Adaptative 
Training 0.461 0.137 2376 
Validation 0.504 0.132 1631 

 

Table 4 
Selected variables 

Variables Cross-validation Adaptive 

Home chief education level √ √ 
Social stratification √ √ 
Native language √ √ 
House chief gender √ √ 
Geographic origin √ √ 
Academic failure √ √ 
Gender √  
Constant √ √ 

 

Table 1 portrays the initial variables for the current study. The Lasso technique provides the best set of variables for building 
the algorithm. Then, according to the Cross-Validation technique, the id selected was 10, while 61 was for Adaptive. In 
Table 3, when comparing both methods, the Adaptive model was higher than the Cross-validation in deviance. Hence, the 
Cross-Validation proposal was the best for the study. Moreover, Table 3 shows the variables employed by each model.   

Table 5 
Logit regression 
Variables Probability Standard error z p>z 95% confidence interval chi2 p>chi2 
House chief education level*** 0.63 0.04 -7.97 0.00 0.56 0.71 

0.1251 0.00 

Social stratification*** 2.24 0.21 8.49 0.00 1.86 2.70 
Native language*** 1.22 0.04 5.55 0.00 1.13 1.30 
House chief gender** 1.46 0.20 2.80 0.01 1.12 1.89 
Geographic origin*** 1.36 0.08 5.27 0.00 1.21 1.52 
Academic failure*** 0.68 0.03 -7.85 0.00 0.61 0.75 
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Gender** 1.26 0.12 2.45 0.01 1.05 1.51 
Constant 0.00 0.00 -12.29 0.00 0.00 0.00 

*** at 1% 
** at 5% 
 

Table 6  
Post analysis 

The goodness of fit test 
  Coefficient p>chi2 
GOF 14.68 0.0656 

Classification 
Cut off 0.1191   
Sensitivity  72.66%   
Specificity 67.93%   
Correctly 68.39%   

 

 

Fig. 1. Sensitivity-Specificity chart  
 

Table 5 shows that all variables selected by Lasso were statistically significant and that the model was well fitted. Moreover, 
Table 6 shows that the proposed model had rejected the null hypothesis, then there was evidence suggesting that the model 
was correct. Furthermore, both sensitivity and specificity were higher than 65%. Also, Fig. 1 provides a graphical view of 
the cut-off value, which was the point of balance between sensitivity and specificity. 

It is important to note that all proposed variables were statistically significant. The logit regression shows that the higher 
education level of the home chief decreased the probability of child labor by about 0.63%. The student's social status also 
affected the likelihood of child labor. Here, it is necessary to clarify that the ENAHO dataset gave numbers inversely to the 
social class, then lower classes had higher numbers than higher ones. Therefore, lower-class students had 2.24% more 
involvement in child labor than upper-class students. The same happens with the native language. Students whose families 
taught them indigenous languages received higher numbers for classification purposes than students whose families spoke 
Spanish. Therefore, when the child comes from a family whose principal language is Quechua or another indigenous 
language, it has an extra probability of 1.22% to start working.  

ENAHO pollsters gave males house chiefs a score of 1, while female ones received 0. Then, a child with a male as a house 
chief had a 1.46% more probability of working than students whose home chief was a female. Surprisingly, students living 
in the cities had 1.36% more chances of dropping out of school and working than students from rural areas. Furthermore, 
school failure provided a 0.68% probability for a child to work. Finally, the last variable showed that a man had 1.26% 
more chances to operate than a woman.  
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6. Discussion  

The current study aimed to build an algorithm of child labor based on the ENAHO poll of students' social and economic 
characteristics. Consequently, the algorithm provided by Lasso gave a model where the variables portrayed in Table 5 had 
significant effects on child labor. The importance of the standard academic level described principally in the home chief 
was also observed in the research of Morales & Vargas (2019), Hernández & Vargas (2016), Khan et al. ( 2011), and 
Pariguana (2011). They all found that families with high academic levels do not allow their children to work quickly. On 
the other hand, some illiterate families do not recognize the importance of education for the future. Instead, they believe in 
working hard-working to achieve wellness.  

Furthermore, the social roots of the children also influence the decision to stay at school or start working. Morales & Vargas 
(2019), Salata (2019), Khan et al. (2011), and Pariguana (2011) encountered that children coming from families with enough 
incomes to live did not leave school, at least for working reasons. Then, when the child's family has uncovered economic 
needs, the students start working, as found by Salata (2019) and Machado et al. (2015). The cultural aspects of the student 
family also played an essential role in child labor. Then students whose families had indigenous languages as their central 
idiom had more probability of starting working. In multicultural countries like Mexico and Bolivia, Morales & Vargas 
(2019) and Hernández & Vargas (2016) also discovered that children with indigenous roots had more academic difficulties 
than Spanish-speaking students. A possible explanation for that phenomenon might be that education policies segregated 
indigenous people for many years. Hence, education discrimination relegated indigenous people to poverty and illiteracy. 
Only in recent years have some Latin American governments had educational policies to integrate indigenous people into 
society. However, it is still not enough, and much work is to be done.  

Furthermore, the gender of both parents and child plays a vital role in students' future. The current study found that students 
from houses with male chiefs had more probability of starting working than students from houses ruled by women 
(Pariguana, 2011). Machado et al. (2015) stated that men had more tendency to abandon school and start working than 
women. The current study found a similar event in the sample. A possible explanation can be the way the Peruvian society 
runs. Like many Latin American countries, the Peruvian culture has many characteristics of male domination. Then, male 
students have more pressure to start working to contribute to the family economy than women. This unfair situation provides 
women a slight advantage to stay at school and acquire primary education, which can be interrupted by pregnancy.  

Interestingly, the study found that students from urban areas had more probability of starting working than children living 
in rural areas. This result does not match Alcázar's (2009) finding and Pariguana's (2011), who found that students from 
rural areas decided to work instead of studying because of idiomatic education barriers. A possible explanation here might 
be that rural children in the studied area do not have to abandon school to work since they help with familiar agricultural 
chores. In contrast, urban children face work journals that keep them from studying.  

Also, school failure was a factor studied by Hernández & Vargas (2016) and Machado et al. (2015). In those studies and 
this one, school failure motivates children to start working rather than worrying about their academic performance. Also, 
their families can give them the idea that they do not serve to study, so they should focus all their efforts on work. 

7. Conclusion  

Child labor is a problem with many roots. Authors have studied this issue for years since it is a cause of low productivity 
for a country. Hence, it is not surprising that developing countries have high school dropout rates and child labor. Somehow, 
labor provides children with a sense of responsibility and satisfaction. However, labor becomes a problem when it prevents 
them from enjoying their age and studying. Social and economic reasons are behind the decision of a child to begin working.  

According to the current analysis, the principal reasons are social class, gender, and where they live. The social environment 
can push or prevent children from labor. Educated families have more work opportunities and enjoy a better life standard 
than others. Then, they move their children to study rather than work at their educational age. Meanwhile, families with 
urgent economic needs and low academic levels push their child members to work. Furthermore, the role of gender portrays 
a scenario where women seem to appreciate the education value more than men. Again, the environment plays a vital role 
in child education since those living in urban areas have more probability of starting working than those in rural areas.  

Therefore, how do we avoid child labor? First, people must value education. Society must see education as a powerful way 
to escape poverty and reach better living standards. Families whose child members work are not lazy or ignorant, but they 
do not believe that education in schools can help them with their urgent and future economic needs. Therefore, primary 
education must provide children with practical tools that help to change their family minds. Proposals like technical 
education should start as soon as possible in areas where child labor is high. Also, authorities can give social help to families 
with urgent economic needs. For instance, before the covid pandemic, the Peruvian government provided poor children 
with food. That measure avoided children being absent from school since they could eat for free at school. Additional 
measures like providing impoverished families with money for school attendance can prevent them from pushing their 
children to work. Other measures like psychological help and vocational assistance might be helpful to end someday child 
labor.  
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