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Abstract 
This paper investigates the effect of living in families without work (jobless families) on the work and study 
outcomes of young Brazilians living in urban areas via microdata derived from the 2012-2019 Continuous 
National Household Sample Survey (PNAD-C). Our empirical strategy utilizes propensity score matching 
(PSM) and entropy balancing. To verify the robustness of our results to the presence of unobserved variables, 
we perform sensitivity analyses. The estimates of the average treatment effect on the individuals indicate that 
being in a family without work negatively affects the salary of young males. In addition, being in such families 
reduces the likelihood of young persons of either sex working while increasing their chances of age-grade lag. 
Overall, our findings suggest that there is a clear need to formulate public policies that aim to alleviate the 
problems for young people that result from living in a family without work. Such policies must necessarily 
involve a reduction in the number of families in this situation. 
Keywords: young people; families without work; education; labor market. 
 
 
Resumo 
Este estudo tem por objetivo investigar o efeito de viver em famílias sem trabalho sobres os resultados 
relacionados a trabalho e estudo dos jovens no Brasil urbano, no período de 2012 a 2019, com os microdados 
da Pesquisa Nacional por Amostra Domiciliar (PNAD) Contínua. Para tanto, são utilizados os métodos de 
pareamento por escore de propensão (PSM) e de balanceamento por entropia. Para verificar a robustez dos 
resultados à presença de variáveis não observadas, realiza-se as análises de sensibilidade. As estimativas do 
efeito médio do tratamento sobre os indivíduos indicam que estar em uma família sem trabalho afeta 
negativamente o salário dos jovens do sexo masculino. Além disso, pertencer a essas famílias reduz a 
probabilidade de jovens de ambos os sexos trabalharem, ao mesmo tempo em que aumenta suas chances de 
defasagem idade-série. De modo geral, nossos achados sugerem que há uma clara necessidade de formulação 
de políticas públicas que visem amenizar os problemas para os jovens decorrentes de viver em uma família 
sem trabalho. Tais políticas devem necessariamente envolver a redução do número de famílias nessa situação. 
Palavras-chave: jovens; famílias sem trabalho; educação; mercado de trabalho. 
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1 Introduction 
 

When young people decide to seek a job, the labor market tends to offer them relatively low wages and jobs 
of inferior quality. In fact, the labor market for this age group is characterized by low employment rates, high 
turnover and, especially in undeveloped countries, a high prevalence of informal employment. According to 
the International Labor Organization (ILO, 2020), the global youth unemployment rate reached 13.8% in 2016, 
representing almost 70 million unemployed young persons. Although the situation showed a slight 
improvement in 2017 and 2018, youth unemployment remained high in 2019 (13.6%) and was higher in 
middle-income countries. In addition, in that same year, 32.1% of young women and 13.8% of young men 
were neither studying nor working (ILO, 2020). 

The determinant of a young person's salary, based on human capital theory, is a positive relationship 
between the individual's salary and his or her investment in human capital (Mincer, 1974; Lima, 1980). 
Regarding the quality of activities in the labor market, it is not uncommon for young people to accept work 
activities that require less education. When a worker has an education level beyond that required for the proper 
performance of a given occupation, this is defined as overeducation. A vast body of literature associates 
overeducation, i.e., the decision to accept a job below one’s educational level, with individual and occupational 
characteristics such as low wages and higher job turnover (Tsang, 1987; Robst, 1995; Allen & Velden, 2001; 
Vianna & Oliveira, 2010; Annegues & Souza, 2020; Reis, 2020). 

Regarding the educational aspects of young people, family characteristics are among the most relevant 
factors for student performance (Coleman, 1966). Lam (1999) analyzed the relationship between educational 
inequality and income inequality in Brazil and South Africa in 1995, and his findings indicate that education 
contributes significantly to explaining income inequality in these locations. In the context of Latin America, 
there has been an increase in intergenerational educational mobility, driven by educational expansions that 
have benefited children from families with low education (Neidhöfer et al., 2018). Accordingly, the concept 
of distortion between age and grade can be an important measure for assessing the school performance of 
young people. By definition, a student is in a situation of educational incompatibility if the appropriate age-
grade of the student and his or her real age are not equal. Such age-grade lag has three main determinants: 
student failure, school dropout and late student school enrollment (Leon & Menezes-Filho, 2002; Machado & 
Gonzaga, 2007; Portella et al., 2017). This situation indicates a delay in the education of individuals, which 
may also delay a decrease in social inequality and accumulation of human capital (Portella et al., 2017). 

Concerning family issues, the lack of work at the household level has become a relevant topic due to 
the studies of Humphrey (1939), Becker (1974, 1985, 1991) and Gregg and Wadsworth (1996). The latter 
sought to understand the determinants of the concentration of work in certain families. According to Gregg 
and Wadsworth (2008), the growth in families without work is a relevant problem for society, especially when 
associated with a drop in the consumption pattern of families and a greater propensity for family dependence 
on government benefits. Hence, in the European context, Köksel et al. (2016) evaluated the family 
arrangements of young people and found that living in regions with high unemployment rates increases the 
chances of these young people to live in a family without work. On the other hand, young people with a higher 
level of education are less likely to live in a family without work. 

Mörk et al. (2020), examining the impact of the loss of parental employment on the family environment 
and the formation of human capital in Sweden, observed milder effects of job loss than in the results of similar 
studies on North America and China (Oreopoulos et al., 2008; Page et al., 2009; Coelli, 2011; Lindo, 2011; 
Liu & Zhao, 2014; Huttunen & Kellokumpu, 2016; Pieters & Rowlings, 2020). These findings were due to the 
high state of social well-being afforded by the Nordic public system, which acts on several fronts through, e.g., 
generous unemployment insurance, universal health care or free early childhood education. Thus, in these 
areas, job loss does not affect child health and has limited effects on children’s outcomes. However, Mörk et 
al. (2020) did observe a small negative effect of the loss of maternal employment on the educational outcomes 
of children. 



3 

Assuming that parental employment is a key factor for predicting the future achievements of an 
individual's life, Mooi-Reci and Craig (2020) analyzed Australian children between 4 and 17 years of age who 
live with both parents. They found that given the unemployment of both parents, when such parents devote 
more time to housework, this reduces the likelihood of their children being unemployed as adults (Mooi-Reci 
& Craig, 2020). 

In the Brazilian literature, Corrêa and Lima (2015) have demonstrated that young people in low-income 
families tend to enter the workforce early and drop out of school, whereby the lack of work in a household may 
be a relevant factor. Conversely, Gonçalves et al. (2018) expanded the model of Dey and Flinn (2008) of 
continuous time using data from the Monthly Employment Survey (PME). Their analysis suggests that families 
always live and make decisions in relation to the labor market to maximize their expected income. Accordingly, 
the authors investigated the transitions of sons and daughters to the labor market and, performing counterfactual 
simulations, confirmed the relationship between parents’ labor market conditions and the labor supply 
decisions of their children. Similarly, other studies have investigated the additional worker effect on children 
to understand the impact of a father’s or mother’s occupation on children’s decision to work (Skoufias & 
Parker, 2006; Oliveira et al., 2014; Silva, 2016). 

 
Fig. 1 Percentage of families without work and percentage of young people living in families without work 

by macro-region, urban Brazil, 2012-2019 
(a) Percentage of families without work 

 

(b) Percentage of young people in families without work 

 

Source: Prepared by the authors based on continuous PNAD microdata. 
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without work2 affects young people in terms of their salary, work status, compatibility or incompatibility 
between their years of study and occupation, as well as the impact of age-grade lag. Moreover, the use of family 
composition to explain the allocations of time for young people’s work and has increased in the literature 
(Leme & Wajnman, 2000; Corseuil et al., 2001; Nguyen & Taylor, 2003; Camarano & Kanso, 2012; Cabanas 
et al., 2014; Köksel et al., 2016; Tillmann & Comim, 2016; Shirasu & Arraes, 2019). Such studies, in general, 
have sought to verify the influence of individual and family characteristics on a young person’s allocations of 
time. Among the possible characteristics that impact this decision, the literature has highlighted parental 
education, family income, family size, absence of a parent in the household, and the number of children and 
elderly in the family. 

However, there is a gap in the literature regarding the effect of living in unemployed families on the 
outcomes of young people in the labor market, i.e., their incomes, qualifications and skills, which this paper 
aims to fill. The relevance of this focus is demonstrated by the fact that in 2019, almost 18% of Brazilian’s 
young people belonged to a jobless family. 

Regarding the regional particularities of Brazil, from 2012 to 2019, the northeast of the country had a 
high and growing percentage of both unemployed families and young people in unemployed households (Fig. 
1). These rates are indeed alarming: Approximately 25% of young people in 2019 lived in households where 
no adult worked, and approximately 18% of families in the same year were considered unemployed families. 
In other regions of the country, the percentages of young people in families without work varied between 12% 
and 18% in the same period. Accordingly, it is important to examine in more detail how belonging to such 
families affects youth performance. 

To achieve our objectives, we use the Continuous National Household Sample Survey (PNAD) 
database for 2012-2019, setting our territorial unit as urban Brazil. In terms of empirical strategy, we apply 
propensity score matching and entropy balancing, which comprise nonexperimental methods based on the 
hypothesis of selection concerning observable characteristics for the construction of a counterfactual scenario. 
To account for the possible heterogeneity of our results for young people, we distinguish them by sex and by 
large Brazilian regions. Finally, to verify the robustness of our findings, a sensitivity analysis and a set of 
placebo tests are performed. 

This article is structured into four sections, including this introduction. The following section describes 
our methodological procedures and database. In the third section, the results of the estimated models are 
discussed. Finally, the last section provides our conclusions. 
 
2 Empirical strategy 

 
The purpose of this study is to estimate the effect of being in a family without work on youth work and study 
indicators. Accordingly, young people who are in a family where no adult is in the labor market are considered 
the treated group. To evaluate this effect on the treated group, ideally, we would observe the same individuals 
in the absence of the treatment and consider them a control group so that the effect could be measured by the 
mean difference between both situations. As it is not possible to observe the same individual in both situations 
(simultaneously in and not in a family without work), the counterfactual of the treated group is constructed, 
i.e., the control group composed of young people who are not in a family without work but who have similar 
characteristics to the treated group. 

To determine the counterfactual group, two methods were used. The first, propensity score matching 
(PSM), estimates the chance of an individual being treated based on a vector of observable characteristics 
(Rosenbaum & Rubin, 1984; Rubin, 2001; Almeida et al., 2013; Silva, 2016; Becker & Mendonça, 2019). The 
second, entropy balancing, reweighs the control group to coincide with the sampling moments of the treatment 
group and achieve a desirable level of balance of the distributions of the variables in these groups, weighting 

 
2 We define a family without work by considering only the occupational situation of adult family members, excluding any young 
person aged between 15 and 29 years old in the same family. 
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the information through a set of conditions associated with the moments of these distributions (Hainmueller, 
2012; Becker & Mendonça, 2019). 

 
2.1 Propensity score matching 

The matching approach consists of the construction of a counterfactual group that shares the same observable 
characteristics as the treatment group (Rosenbaum & Rubin, 1984). According to matching, each individual in 
the treatment group will have a pair in the control group that represents the result that they would have obtained 
if they were not treated. This comparison has the criteria of preselected observable variables; thus, the only 
differentiator between treated and untreated individuals is their participation in the treatment. 

The larger the size of the vector of observable characteristics, the more difficult it becomes to pair the 
observations. Hence, Rosenbaum and Rubin (1984) developed a method that facilitates the pairing of 
individuals despite a high number of observable characteristics: PSM. This method suggests pairing individuals 
using a function that synthesizes all the information contained in the vector of observable characteristics. This 
function is called the propensity score and represents the probability of participating in the treatment, 
conditioned to the control variables included in 𝑋. Therefore, according to Rosenbaum and Rubin (1984), the 
propensity score is defined as: 
 𝑝(𝑋) = Pr(𝑇 = 1|𝑋) (1)  

where	𝑇 = {0.1} indicates exposure to treatment and	𝑋 is the vector of observable characteristics. 
The propensity score can be estimated from a logit probability model, whose specification is given by: 
 �̂�(𝑥) =

1
1 + 𝑒!(#$%)

 (2)  

where	𝑋 is the vector of selected observable characteristics and	𝛽5  represents the estimates of the population 
parameters. 

For PSM to be applied, it is necessary to assume the existence of a common support3 between treated 
and control groups, i.e., a sufficient area of overlap in the characteristics of the individuals in the treatment 
group and the control group. 

According to Rubin (2001), pairing techniques can be classified into three types: correspondence, 
subclassification and weighting.4 In all three procedures, propensity score is a key component, but they differ 
in terms of how their pairs are chosen and the Average Treatment Effects on the Treated (ATT) is calculated. 

Hence, In this study, to ensure greater robustness, some reweighting methods are used: i) nearest 
neighbor method (for 5, 10 and 25 neighbors), which selects for the control group 𝑁 individuals whose 
estimated propensity score value is closer to that of a treated individual; ii) weighting by inverse probability 
weights (IPW), which uses the inverse of the propensity score as weight; and iii) inverse probability weighted 
regression adjustment (IPWRA), which is a doubly robust method because it uses weighted regression 
coefficients to calculate means of predicted results at the treatment level, where the weights are the inverse 
probabilities, estimated by also considering the controls in the result model (Rubin, 1974; Robins & Rotnitzky, 
1995; Robins et al., 1995; Hirano & Imbens, 2002; Bang & Robins, 2005; Tan, 2010). Our adoption of more 
than one matching technique therefore verifies the consistency (sensitivity) of the effect of families without 
work on the outcome variables of young people. 

 
3 This assumption means that the probability of receiving treatment (and that of not receiving) is necessarily positive: 
0 < Pr(𝑇 = 1|𝑋) < 1. 
4 Correspondence refers to the pairing of treatment and control units with similar or approximate values of propensity, discarding the 
unpaired units. ATT is calculated by averaging the differences between the pairs (Rubin, 2001). The subclassification classifies all 
units by their propensity score and subsequently uses limits to create subclasses with treated and control units with similar values of 
the propensity score. ATT is given by the average effect between subclasses (Rubin, 2001). Weighting uses the inverse of the 
propensity score as a weight to be applied to each treated unit and the inverse of one minus the propensity score as the weight to be 
applied to each control unit (Imbens, 2000; Rubin, 2001; Hirano & Imbens, 2002). Rubin (2001) has suggested that weighting can 
also be deemed the limit of subclassification because the number of observations and subclasses tends to an infinite. 
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2.2 Entropy balancing 

 
Entropy balancing generalizes PSM by estimating different weights and applying a set of equilibrium 
constraints to the momentum conditions (Hainmueller & Xu, 2013). Thus, this method solves possible 
specification errors generated by PSM, allowing us to achieve a desirable level of balance for the distributions 
of the variables in the treatment and control groups. 

Hence, considering that the objective of the analysis is to reweight the control group to coincide with 
the moments of the treatment group, the estimated counterfactual mean is given by: 
 

𝐸[𝑌(0)|𝑇 = 1]; =
∑ 𝑌'𝑤'{'|*+,}

∑ 𝑤'{'|*+,}
 (3)  

where	𝑤' is the weight of entropy balancing for each counterfactual unit, selected by means of a weighting 
estimation that minimizes entropy distance: 
 min

.!
𝐻(𝑤) = B 𝑤' log F

𝑤'
𝑞'
H

{'|*+,}

 (4)  

subject to the following restrictions: 
 B 𝑤'𝑐/'(𝑋') = 𝑚/ ,

{'|*+,}

with	𝑟 ∈ 1,… , 𝑅 (5)  

 B 𝑤' = 1
{'|*+,}

 (6)  

 
 𝑤' ≥ 0	∀	𝑖, such	that	𝑇 = 0 (7)  

where 𝑞' = 1/𝑛 is a base weight,	𝑛 is the sample size of the control units and describes a set of 𝑅 restrictions 
regarding the covariate moments in the reweighted control group. 

Entropy balancing determines, for a set of units, the weights	𝑊 = [𝑤' , … , 𝑤0,]1 that minimize 
Equation 4, the entropy distance between 𝑊 and the base vector of weights	𝑄 = [𝑞' , … , 𝑞0,]1, subject to the 
restrictions of equilibrium (Equation 5), normalization (Equation 6) and nonnegativity (Equation 7). Finally, 
the effect of the treatment is calculated using the regression model, applying the weights obtained as a 
reweighting factor of the data. Individuals in the treated group receive weight 1, while individuals in the control 
group receive the weights 𝑤' , … , 𝑤0,. 

Therefore, for all control variables, this method calculates the means in the treatment group and 
searches for a set of entropy weights to render the weighted means of the control group similar (Almeida et al., 
2013; Becker & Mendonça, 2019). The advantage of this method is that it adjusts the unit weights to the 
moments of the sample (mean, variance and asymmetry) to ensure greater compatibility between the treatment 
and control groups in the sample distributions of the control variables included in the reweighting 
(Hainmueller, 2012). 
 
2.3 Sensitivity analysis 

 
The estimators based on the propensity score do not show consistency when participation in the treatment is 
endogenous, that is, when there are unobservable characteristics that affect the selection process and, 
consequently, the results. For a sensitivity test, which verifies the robustness of the results amid omitted 
variable bias, the Rosenbaum limits were used (Rosenbaum, 2002). According to this method, the probability 
of the young person	𝑖	 being inserted into a family without work is given by: 
 𝜋' = 𝑃(𝑇' = 1|𝑋') = 𝐹(𝛽𝑋' + 𝛾𝜀') (8)  
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where 𝜋' indicates the probability of the individual belonging to the treatment group given a vector of 
observable characteristics, 𝑋'; 𝜀' is the unobservable variable, and	𝛾 represents the effect of 𝜀' on the individual 
receiving the treatment (𝑇' = 1). 

In the absence of bias, 𝛾 assumes value 0 to ensure that the individual’s chance of receiving treatment 
is exclusively determined by the observable variables. If there is selection bias, two individuals with the same 
observable characteristics will have different probabilities of receiving treatment. Given two paired individuals, 
𝑖 and 𝑗, and a function 𝐹(. ) with logistic distribution, the relative probabilities of receiving treatment are given 
by 2!

3!2!
 and 2"

3!2"
, and the probability ratio is: 

 𝜋'
1 − 𝜋'
𝜋4

1 − 𝜋4

=
𝑒($#!567!)

𝑒($#"567")
= 𝑒6(7!!7") (9)  

For the sensitivity analysis, when the outcome variable is continuous, the limits of the probability ratio 
are examined, according to DiPrete and Gangl (2004). Thus, according to Rosenbaum (2002), manipulating 
Equation 9, the limits of the probability ratio that one of the two matched individuals will receive treatment are 
given by: 
 1

𝑒6 ≤
𝜋'(1 − 𝜋4)
𝜋4(1 − 𝜋')

≤ 𝑒6 (10)  

When 𝑒6 assumes a value equal to1, paired individuals have the same probability of treatment. When 
𝑒6 is equal to 2, individuals with the same observable characteristics have different probabilities of receiving 
treatment by a factor of up to 2. 

The quotient of Equation 9 is used in the case of discrete variables, according to Becker and Caliendo 
(2007). The ratio assumes a value of 1 if there are no differences between the unobserved variables, 𝜀' = 𝜀4; 
hence, no omitted variables affect the probability of treatment. A value other than 1 for this ratio indicates the 
existence of an important variable being omitted. The sensitivity analysis therefore allows us to understand 
how the unobservable variables influence the difference given by 𝜀' − 𝜀4. 

In addition to the sensitivity test, a falsification test is conducted based on Araújo et al. (2021). The 
dependent variable is the month of birth of the young person, and it is expected that there will not be a 
statistically significant effect of being in a family without work in any month of the year, indicating the 
robustness of our estimated results. 
 
2.4 Database 

 
Brazil is the fifth-largest country in the world in terms of land area, with a population of more than 210 million 
people. The country is divided into five large regions that are quite heterogeneous in terms of income and 
human development indicators, namely, the North, Northeast, South, Southeast and Midwest. The North and 
Northeast regions are the least developed, while the South and Southeast regions are the richest. A striking 
feature of the Brazilian labor market is its high informality, approximately 40% of all work in recent years has 
been informal, and this rate is even higher for young people. 
In Brazil, currently, the main survey responsible for providing statistics on the labor market and the 
sociodemographic and educational characteristics of the population is the National Survey by Continuous 
Household Sample (PNAD Continuous). This survey is published quarterly by the Brazilian Institute of 
Geography and Statistics (Instituto Brasileiro de Geografia e Estatística; IBGE) and covers the entire nation 
(IPECE, 2017; IBGE, 2021). To achieve the objectives of this study, we used the microdata of the Continuous 
PNAD from 2012 to 2019, excluding 2020 from the analysis due to the particularities of the COVID-19 
pandemic. Given the rotation scheme of the Continuous PNAD, the first interview with each household is used  
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Table 1. Variables selected from the Continuous PNAD 

Source: Prepared by the authors based on continuous PNAD microdata. (a) Controls used in the PSM and entropy balancing for the dependent 
variables salary, matching and overeducation; (b) Controls used in the PSM and entropy balancing for the dependent variable work; (c) Controls used 
in the PSM and entropy balancing for the dependent variable age-grade lag. 

Dependent variables Description Code of the variable in the 
Continuous PNAD 

Work 1 = Work; 0 = Does not work VD4002 
Salary Log of monthly income of the main job VD4019 

Matching 
1 = Work in an occupation that requires education 
compatible with the years of study (compatible); 0 = 
Otherwise 

VD3005, VD4002, VD4010 

Overeducation 1 = Work in an occupation that requires less education 
than years of education; 0 = Compatible VD3005, VD4002, VD4010 

Age-grade lag  1 = Delayed; 0 = Not lagged V2009, VD3005 
Treatment variable   

Family without work 1= Yes; 0 = No UPA, Estrato, V1008, 
V1014, VD4002; V2001 

Control variables   
Sex 1 = Man; 0 = Woman (a) (b) (c) V2007 
Skin color 1 = White or yellow; 0 = Black or brown (a) (b) (c) V2010 
Age Age (years) (a) (b) (c) V2009 
Years of education Years of education (years) (a), (b) VD3006 

Typology of family 1 = Monoparental; 0 = Couple with child(ren) (a) (b) (c) UPA, Estrato, V1008, 
V1014, VD2004 

Years of education of the head of the 
family 

Years of education of the head of the family (years) (a) (b) 

(c) 
UPA, Estrato, V1008, 

V1014, VD2004, VD3006 

Child dependence ratio Number of children in relation to family size (a) (b) (c) 
UPA, Estrato, V1008, 

V1014, V2005, V2007, 
V2009, VD2004 

Elderly dependency ratio Number of elderly family members in relation to family 
size (a) (b) (c) 

UPA, Estrato, V1008, 
V1014, V2005, V2007, 

V2009, VD2004 

Siblings Number of siblings of the young person in the family (a) (b) 

(c) 
UPA, Estrato, V1008, 

V1014, V2005, VD2004 

Work situation 1 = Informal and precarious; 0 = Informal and not 
precarious; 3 = Noninformal and nonprecarious (a) VD4009, VD4011, VD4012 

 Sector of activity 

1 = Agriculture, livestock, forestry, fishing and 
aquaculture; 2 = General industry; 3 = Construction; 4 = 
Trade, repair of motor vehicles and motorcycles; 5 = 
Transport, storage and mail; 6 = Housing and food; 7 = 
Information, communication and financial, real estate, 
professional and administrative activities; 8 = Public 
administration, defense and social security; 9 = 
Education, human health and social services; 10 = Other 
services; 11 = Domestic services; 12 = Poorly defined 
activities (a) 

VD4010 

Macroregion 1 = North; 2 = Northeast; 3 = South; 4 = Southeast; 5 = 
Midwest (a) (b) (c)  UF 

Metropolitan region 1 = Yes; 0 = No (a) (b) (c) V1023 

Reference year 1=2012; 2 = 2013; 3 = 2014; 4 = 2015; 5 = 2016; 6 = 2017; 
7 = 2018; 8 = 2019 (a) (b) (c)  Ano 
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as a reference interview to avoid duplicate information.5 The designated age range for young people is 15 to 
29 years,6 including residents of urban Brazil who assume the role of a child in a family. Individuals who claim 
to be indigenous and individuals who are retired, domestic servants or relatives of domestic servants in a 
household are excluded from the sample. 

Additionally, regarding our sample, the database is composed of only single-parent families and 
couples with children. Families in which all adults are inactive or elderly and the only source of income is 
retirement or a pension are excluded. In addition, as mentioned above, the variable of family without work 
includes only adults without work at home (all inactive or unemployed adults); therefore, young people deemed 
children are not included in the calculation, given that they are the individuals of interest. 

The effect of families without work is analyzed on five outcome variables for young people: work 
(when the individual is actively inserted in the labor market), salary (income log), matching (when the 
individual’s years of education and education required by his or her occupation match), overeducation (when 
the individual has higher education than that required by the occupation) and age-grade lag (when the 
individual’s actual age does not match that required by his or her grade level). Notably, for the analysis of the 
age-grade lag variable, a reduced sample is used, i.e., only young people aged 15 to 17 years. This result 
variable was constructed following Ribeiro and Cacciamali (2012); thus, 𝑥 assumes value 7, as follows: 
 

𝐷' =

⎩
⎪
⎨

⎪
⎧0	𝑠𝑒	

𝑠𝑐ℎ𝑜𝑜𝑙	𝑦𝑒𝑎𝑟
𝑎𝑔𝑒',9 − 𝑥

≥ 1

1	𝑠𝑒	
𝑠𝑐ℎ𝑜𝑜𝑙	𝑦𝑒𝑎𝑟
𝑎𝑔𝑒',9 − 𝑥

< 1
, ∀	𝑥 ≠ 7 (11)  

where	𝑠𝑐ℎ𝑜𝑜𝑙	𝑦𝑒𝑎𝑟 represents the grade that the student is enrolled in, 𝑎𝑔𝑒',9 is the age of student 𝑖 in year 𝑡, 
and 𝑥 is the appropriate age of the student for that grade. Young people belong to the treatment group when 
they are in families without work, that is, families where none of the adult members are actively inserted in the 
labor market. The control group includes young people living in families with at least one adult member in the 
labor market. The variables we use are described in Table 1. 
 
3 Results 

 
This section presents our findings concerning the impact of families without work on the outcomes of young 
people. Our objective was to verify the effect of unemployed families on our variables of work, salary, 
matching, overeducation and age-grade lag. 

The use of PSM requires that the common support hypothesis be respected to ensure that treatment 
observations have comparison units in the control group with similar propensity scores. In this study, 
considering the outcome variables used, it is verified that there is an overlap of the curves of the control and 
treatment groups; hence, young people who are in families without work have compatibility with young people 
of the control group in terms of their observable characteristics, facilitating the pairing process (Fig. 2). 

Table 2 shows the results of the estimated ATTs obtained using PSM and entropy balancing. Some 
variables did not exhibit the desirable balance – for both men and women – since they exhibited significant 
mean differences. In other words, some characteristics are not, on average, equal for the control and treatment 
groups, even after the matching. To circumvent this problem by providing more evidence on the estimated 
effect, we used entropy balancing.7 

 
5 The research rotation scheme works as follows: a family is interviewed one month and leaves the sample for two months in a row, 
and this sequence is repeated five times. Thus, it is possible to monitor a household in five different months. 
6 This age group has been adopted in working papers and surveys by the International Labour Organization (ILO). In Brazil, the 
Youth Statute (established by Law No. 12,852 of August 5, 2013) also defines young individuals as aged between 15 and 29 years 
(Brasil, 2013). 
7 Due to the limited number of pages in the article, the results of the PSM balance test have been omitted but can be made available 
upon request. 
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Fig. 2 Common support of propensity score (Kernel Density(a)) for treated and untreated groups, urban Brazil 
(2012-2019) 

 Women Men 
  

SALARY(b) 

  

WORK(c) 

  

MATCHING(d) 

  

OVEREDUCATION(e) 

  

AGE-GRADE LAG(f) 

  
Source: Prepared by the authors based on continuous PNAD microdata. (a) Estimated probability densities using the Epanechnikov 
kernel function. (b) Salary represents the log of main job income. (c) Work represents the occupational situation of the individual, 
assuming a value of 1 when the individual is inserted in the labor market and 0 otherwise. (d) Matching assumes a value of 1 when 
the education of the individual is compatible with the education required by the occupation and 0 otherwise. (e) Overeducation 
assumes a value of 1 when the young person has more years of education than is required by his or her occupation and assumes a 
value of 0 otherwise. (f) Age-grade lag assumes a value of 1 if the individual shows a difference between his or her actual age and 
the age required by his or her grade and assumes a value of 0 otherwise. 
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The doubly robust estimator,8 IPWRA, ensures greater consistency via PSM amid a poor specification 
of the treatment model or outcome model. The IPWRA uses the IPW weights to estimate the corrected 
regression coefficients and subsequently perform the regression adjustment. The results show that when a 
young person is part of a jobless family, this affects the work and age-grade gap outcomes for women and men, 
and the salary outcome for men. Notably, this study observes only immediate effects, i.e., the same young 
person is not observed over time. 

Regarding salary, the doubly robust estimator, IPWRA, indicates that when a young person belongs to 
a family without a job, this decreases their salary by approximately 2.2%. According to entropy balancing, the 
decrease is actually greater, approximately 4.2%. There is no evidence of the effect of families without work 
on the salary of young women, as the results of several procedures that sought to measure this effect were not 
significant. 

 Therefore, being in a family without a job reduces the salary of young men. One possible explanation 
for this may be the urgency of finding a job due to a lack of family work, which may lead a young person to 
accept an occupation that offers lower remuneration. 

Our results also indicate that being in a family without work negatively affects the likelihood of a young 
person working, regardless of sex. For young women, the doubly robust result indicates a drop of 
approximately 2.8% in the probability of working. Conversely, entropy balancing shows a decrease of almost 
3%. Concerning the effect of families without work on the probability of young men working, there is a 
decrease of approximately 5.6% by both the doubly robust method and entropy balancing. Since individual 
labor supply is a decision made by considering one’s family environment, a family’s characteristics impact the 
labor supply of its members (Mincer, 1962). 

Thus, our results indicate that when young people belong to a family without work, this reduces their 
likelihood of working, and this reduction is greater in the case of young men. The literature has offered some 
possible explanations for this effect. For instance, a lack of support networks, discussed by Nolen (2006), can 
affect the probability of a young person working because when his or her family does not have an adult member 
employed in the labor market, the chances of other family members working are lower due to the lack of a 
connection with the labor market. 

Regarding our results for educational matching and overeducation, there is no evidence that a young 
person belonging to a family without work affects the probability of him or her being in any of these situations. 
The results of the various methods we used to measure a possible effect were not statistically significant, 
indicating the absence of an effect of families without work on the adequacy or inadequacy of young people’s 
actual years of education and those required by an occupation. 
As mentioned above, for the age-grade lag models, our sample was composed of young people aged 15 to 17 
years, i.e., students at the end of the school cycle. According to Table 2, when young people belong to families 
without work, this increases the chances of such lag. For women, the doubly robust estimator indicates a 3% 
increase in their probability of age-grade lag. Entropy balancing entails that this probability increases by 
approximately 5% if a woman belongs to a family without work. For men, the IPWRA score was higher than 
that of women (approximately 5.3%). Entropy balancing, in turn, resulted in an increase of 6.7% in the 
likelihood that a young man in a family without work would experience age-grade lag. 

The probable low investment in the human capital of children within families without work can be used 
to explain the increase in the probability of a young person being age-grade lagged. In this regard, the 
educational level of parents may also be relevant, given that parents with more years of education tend to value 
their child's education more, impeding their ability to fail or drop out of school (Mota et al., 2017). Finally, 
parents’ early insertion into the labor market may be an aggravating factor in the possibility of a young person 
being in a family without a job and thus being more likely to present age-grade lag (Lopes & Pontilli, 2010). 

 
8 This estimator is also called Wooldridge's "doubly robust estimator” (Wooldridge, 2007, 2010). 
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Table 2. Effect of being in a family without work on young people, urban Brazil (2012-2019) 
 Salary (b) Work (c) Matching (d) Overeducation (e) Age-grade lag (f) 
 Women Men Women Men Women Men Women Men Women Men 
Propensity score           

Nearest neighbor (n = 1) -0.010 -0.022** -0.037*** -0.064*** 0.002 -0.003 0.007 0.012** 0.050*** 0.061*** 
(0.012) (0.010) (0.005) (0.005) (0.008) (0.006) (0.007) (0.005) (0.010) (0.011) 

Nearest neighbor (n = 5) -0.008 -0.028*** -0.033*** -0.062*** -0.003 -0.005 0.003 0.006 0.042*** 0.057*** 
(0.008) (0.007) (0.004) (0.004) (0.006) (0.005) (0.005) (0.004) (0.008) (0.009) 

Nearest neighbor (n = 10) -0.012 -0.028*** -0.033*** -0.062*** -0.003 -0.004 0.001 0.006 0.034*** 0.060*** 
(0.008) (0.007) (0.004) (0.004) (0.006) (0.005) (0.005) (0.004) (0.008) (0.008) 

Nearest neighbor (n = 25) -0.010 -0.028*** -0.034*** -0.060*** -0.004 -0.005 0.001 0.005 0.033*** 0.056*** 
(0.008) (0.007) (0.004) (0.004) (0.006) (0.005) (0.005) (0.004) (0.008) (0.008) 

IPW -0.008 -0.036*** -0.032*** -0.064*** -0.008 -0.003 0.005 0.002 0.031*** 0.053*** 
(0.012) (0.008) (0.005) (0.005) (0.006) (0.006) (0.005) (0.005) (0.008) (0.008) 

IPWRA (a) -0.003 -0.022*** -0.028*** -0.056*** -0.005 -0.004 0.002 0.004 0.030*** 0.053*** 
(0.008) (0.006) (0.004) (0.004) (0.006) (0.005) (0.005) (0.004) (0.008) (0.008) 

Entropy balancing -0.024** -0.042*** -0.030*** -0.055*** -0.002 -0.000 -0.001 0.000 0.051*** 0.067*** 
(0.011) (0.009) (0.004) (0.004) (0.006) (0.005) (0.005) (0.004) (0.008) (0.008) 

 Sample size 38.333 56.653 103.005 120.361 38.672 58.948 37.582 54.981 32.483 35.119 
Source: Prepared by the authors based on continuous PNAD microdata. *** ***, ** and*denote significance at the level of 1%, 5% and 10%, respectively. 
Robust standard errors in parentheses. (a) Model for the outcome variable with the respective controls described in Table 1, that is, using the same matching 
controls. (b) Salary represents the log of main job income. (c) Work represents the occupational situation of the individual, assuming a value of 1 when the individual 
is inserted in the labor market and 0 otherwise. (d) Matching assumes a value of 1 when the education of the individual is compatible with the education required 
by the occupation and 0 otherwise. (e) Overeducation assumes a value of 1 when the young person has more years of education than is required by his or her 
occupation and assumes a value of 0 otherwise. (f) Age-grade lag assumes a value of 1 if the individual shows a difference between his or her actual age and the 
age required by his or her grade and assumes a value of 0 otherwise. 
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In addition, our findings had a notable consistency; for all the methods used, the estimates 
showed the same direction of influence and very similar magnitudes. The sex differences we 
observed in all estimated models entail that there are greater effects of being in families without 
work on young men. In Brazil, the insertion of men in the labor market is greater and occurs earlier 
than among women, given the traditional sexual division of labor (Madalozzo et al., 2010). Thus, 
amid a lack of work in their family, this early insertion of young people in the workforce may be 
even more intense, whereby the impacts of being in such families are greater on men than women. 

 
Table 3. Effect of being in a family without work on young people by region, urban Brazil 

(2012-2019) 
 Method North  Northeast  South  South-

east  Midwest  

Sa
la

ry
 

IPW -0.027  -0.014  -0.026 *** -0.037 *** -0.022  
(0.017)  (0.013)  (0.010)  (0.011)  (0.017)  

IPWRA -0.027 * -0.005  -0.010  -0.025 ** -0.006  
(0.016)  (0.010)  (0.008)  (0.010)  (0.015)  

Entropy 
balancing  

-0.054 ***  -0.031 ** -0.020 * -0.037 ***  -0.019(a)  
(0.020)  (0.014)  (0.010)  (0.012)  (0.022)  

W
or

k 

IPW -0.052 ***  -0.061 ***  -0.032 ***  -0.062 ***  -0.008  
(0.009)  (0.006)  (0.006)  (0.007)  (0.011)  

IPWRA 
-0.044 *** -0.055 ***  -0.029 ***  -0.052 *** -0.012  
(0.008)  (0.005)  (0.005)  (0.007)  (0.009)  

Entropy 
balancing 

  

-0.043 *** -0.055 *** -0.029 *** -0.050 *** -0.011  

(0.008)  (0.005)  (0.006)  (0.008)  (0.010)  

M
at

ch
in

g 

 IPW -0.004  -0.001  -0.005  -0.004  -0.029 ** 
(0.012)  (0.007)  (0.007)  (0.011)  (0.014)  

 IPWRA -0.004  0.002  -0.001  -0.008  -0.032 ** 
(0.012)  (0.007)  (0.006)  (0.009)  (0.013)  

 Entropy 
balancing 

   

-0.010  0.001  0.003  0.000  -0.022(a)  

(0.012)  (0.007)  (0.006)  (0.009)  (0.014)  

O
ve

re
du

ca
tio

n  IPW  
0.015  0.008  0.001  -0.004  0.014  

(0.010)  (0.006)  (0.006)  (0.009)  (0.011)  

 IPWRA  
0.015  0.004  -0.001  0.001  0.015  

(0.009)  (0.005)  (0.005)  (0.007)  (0.011)  
 Entropy 
balancing 

   

0.011  0.001  -0.005  -0.003  0.016 (a)  

(0.011)  (0.006)  (0.006)  (0.008)  (0.012)  

A
ge

-g
ra

de
 la

g  IPW 
0.065 ***  0.024 ** 0.063 ***  0.031 ** 0.067 ***  

(0.016)  (0.010)  (0.011)  (0.014)  (0.019)  

 IPWRA 
0.058 *** 0.023 ** 0.061 ***  0.029 ** 0.067 ***  

(0.015)  (0.009)  (0.011)  (0.014)  (0.019)  
 Entropy 
balancing 

  

0.060 *** 0.032 *** 0.077 ***  0.047 ***  0.080 ***  

(0.016)  (0.010)  (0.011)  (0.015)  (0.020)  

Source: Prepared by the authors based on continuous PNAD microdata. *** ***, ** and * denote significance at the 
levels of 1%, 5% and 10%, respectively. Robust standard error in parentheses. (a) Estimates computed only with the 
first two sampling moments, given the nonconvergence of the models for the first three sampling moments. 
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In general, young males are more attracted to work, sometimes in the informal sector due 
to little experience, while young females are more involved in domestic activities (Barros et al., 
1991; Alberto et al., 2006; Sousa & Alberto, 2008). In recent decades, in Brazil, while the 
participation of men in housework has increased, it remains at a lower level than that of women 
(Madalozzo et al., 2010). 

Table 3 shows the effects of unemployed families on the outcomes of young people in the 
five Brazilian regions. We find that only in the Southeast region are there negative effects of 
families without work on the salaries of young people, showing a decrease of 2.5% by the doubly 
robust method and 3.7% by entropy balancing. 

 
Table 4. Sensitivity analysis (Rosenbaum limits) 

 
Г = 𝒆𝜸 

Salary  Work  Age-grade lag 
Men 
p -value 

Women 
p -value 

Men 
p -value 

Women 
p -value 

Men 
p -value  

1 0.017 0.000 0.000 0.000 0.000 
1.05 0.538 0.000 0.000 0.000 0.000 
1.10 

 
0.057 0.000 0.000 0.000 

1.15 
 

0.350 0.000 0.000 0.000 
1.20 

  
0.102 0.000 0.000 

1.25 
   

0.000 0.000 
1.30 

   
0.000 0.000 

1.35 
   

0.000 0.000 
1.40 

   
0.000 0.000 

1.45 
   

0.000 0.000 
1.50 

   
0.000 0.000 

1.55 
   

0.000 0.000 
1.60 

   
0.000 0.000 

1.65 
   

0.000 0.000 
1.70 

   
0.000 0.000 

1.75 
   

0.000 0.000 
1.80 

   
0.000 0.000 

1.85 
   

0.000 0.000 
1.90 

   
0.000 0.000 

1.95 
   

0.000 0.000 
2 

   
0.000 0.000 

Source: Prepared by the authors based on continuous PNAD microdata. 
 
For the work variable, negative effects of unemployed families on young persons were 

observed in all regions except the Midwest, indicating that being in households without work 
decreases the likelihood of young persons' work. The Northeast stands out as the region that 
displays the greatest negative effect of families without work on the probability of young people 
working, a reduction of approximately 5.5% by the doubly robust method and entropy balancing. 

Regarding the effect of families without work on the probability of young people 
experiencing age-grade lag, the greatest impacts are found in the South and Midwest regions. Thus, 
in the South, when a young person belongs to a family without work, this increases his or her 
probability of age-grade lag by 6.1% by IPWRA and 7.7% by entropy balancing. In the case of the 
Midwest region, this probability is higher, 6.7% by IPWRA and 8.0% by entropy balancing. 
Therefore, we observe that all regions offered significant results only for the age-grade lag 
variable; matching and overeducation still provided nonsignificant results. 



15 

Table 4 shows the results of our use of Rosenbaum limits (2002), considering the null 
hypothesis of the existence of omitted variable bias, which allows us to measure the influence of 
an omitted variable and possibly question the significant findings. The higher the value of the 
critical level Г is, the greater the robustness of the variable. Our results thus show that it is possible 
to reject the null hypothesis for the male salary variable. The critical level of Г for this variable is 
1.05; hence, if the existence of omitted variable bias generates a difference between the odds of 
participating in the treatment between the treatment and counterfactual groups by a factor of 1.05, 
then the negative effect of jobless families on young men’s salary can be challenged. 

Therefore, our findings indicate that the relevant effects on the likelihood of young women 
and men working are also robust given the existence of selection bias. In this case, concerning the 
work variable, the critical level of Г is 1.15 and 1.2 for women and men, respectively. In addition, 
the results for the age-grade lag variable indicate that for women and men, it is possible to reject 
the null hypothesis at 1% significance. That is, there is no evidence that any omitted variable 
influences our treatment and results. 

 
Table 5. Placebo test: Effect of being in a family without a job on the month of birth of young 

people in urban Brazil (2012-2019) 
 Month  Test  Month  Test 

January 
0.000 

July 
0.001 

(0.002) (0.000) 

February 
-0.000 

August 
-0.000 

(0.002) (0.002) 

March 
0.001 

September 
-0.001 

(0.002) (0.002) 

April 
-0.003 

October 
-0.002 

(0.003) (0.002) 

May 
0.003 

November 
-0.003 

(0.002) (0.002) 

June 
0.004 

December 
-0.000 

(0.002) (0.002) 
Sample size 204.792 

Source: Prepared by the authors based on continuous PNAD microdata. *** ***, ** and * denote significance at 
1%, 5% and 10%, respectively. Robust standard error in parentheses. The pairing used is the IPW, but similar results 
in terms of statistical significance are observed for the IPWRA and for entropy balancing, with the exception of the 
months of May and June, which have significant effects close to zero at 10%. 

 
After the sensitivity analysis, a placebo test was performed (Araújo et al., 2021). The 

results for the falsification test are shown in Table 5. In this test, the response variable was the 
month of birth of the young person, and no month of the year showed a significant effect of being 
in a family unit without work, indicating robustness of the results presented above in Table 2. 
Thus, the absence of work of adult family members increases the vulnerability of young people, 
especially in terms of their participation in the workforce and educational outcomes. 
 
4 Conclusion 

 
To address the increasing changes in the composition of the Brazilian labor market, which translate 
into the increased vulnerability of young people in terms of their opportunities and returns, this 
paper extends the analysis of the impacts of the lack of work in a family on young people’s 
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occupational and work outcomes by exploring the role of this group’s education in the period from 
2012 to 2019. Accordingly, the present study evaluates the effect of families without work on the 
overall outcomes of young people. To capture this effect, two balancing models were applied to 
estimate the ATT, i.e., the impact of belonging to a family without work, calculated via PSM and 
entropy balancing. Both models estimate the probability of the individual being treated, i.e., in a 
family without work, based on our preselected observable characteristics. 

The variables concerning a young person that this research analyzed were salary, work, 
matching, overeducation and age-grade lag. The analysis investigated women and men separately; 
hence, it is possible to compare the estimates and observe whether there is a sex component in the 
results we obtained. In addition, the models were estimated according to large Brazilian regions to 
weigh regional heterogeneities. 

Among the five variables, only among two, matching and overeducation, no significant 
effects were found for either women or men. We expected to find a negative effect, but the results 
indicate that a young person being part of a family without work does not affect his or her 
likelihood of having educational compatibility or incompatibility at work. 

On the other hand, the findings indicate the presence of a negative effect on the salary of 
men and a decrease in the likelihood of young people working (for women and men). Regarding 
age-grade lag, we found an increase in the probability of a young person experiencing age-grade 
lag among both sexes and in all five Brazilian regions. Brazil is a country with continental 
territorial dimensions and is quite heterogeneous, so we expected to observe regional differences. 
In this regard, we found a strong effect of jobless families on age-grade lag among young residents 
of the South and Midwest regions and a significant effect of such families on the likelihood of 
young people not working in the Northeast. 

Therefore, the results of this study help bridge the gap in the literature regarding the effect 
of families without work on the outcomes of young people. Our findings are thus an important tool 
that regional public policies should consider in the postpandemic period to both reduce the number 
of families without work and to improve the overall outcomes of young people who belong to such 
families by harnessing their capabilities and potential. Accordingly, a future path for this research 
would be to analyze the effect of families without work on the general aspects of young people 
over time to enrich our analysis by observing the persistence of the estimated effects that we have 
identified. 
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