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Abstract 
 

 
Despite the large volume of literature on estimating parent contribution to student 

achievement, few researchers have addressed how parents respond to school inputs in their 

efforts to support their children’s development. The work that has addressed this question 

has solely assessed responses to school funding and to class size. No other study has looked 

at parents’ responses to teachers or peers, arguably the two most important school resources 

for students. To overcome this oversight, this paper investigates whether parents are 

substitutes for or complements to the school environment. More specifically, the paper 

assesses how parents respond to teacher and peer quality. To solve problems of endogeneity 

and omitted variables, the study takes advantage of a unique micro-panel dataset of Brazilian 

students to estimate student fixed-effect and student fixed-effect-instrumental-variable 

models. Results provide evidence that parents are substitutes for the school inputs 

investigated here. 
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1. Introduction  

The relationship between family involvement and student achievement has long been 

discussed in economics literature. Coleman et al’s “Equality of Educational Opportunity 

Study,” more commonly known as the Coleman Report, revealed that outside school factors, 

such as family social background, are, on average more important than school effects in 

explaining educational outcomes (Coleman et al. 1966).  

Since the release of the Coleman report, many researchers have attempted to 

investigate the relationship between school inputs and student performance. The underlying 
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model of most of these studies assumes that the output of the educational process (student 

achievement) is directly affected by inputs inside and outside the school environment, e.g., 

characteristics of the school, teachers, curricula, family, and friends (Hanushek 2008). 

Economists term relationships predicting student outcomes as a function of school resources 

and family background “education production functions” (Hanushek 1979), which, at least in 

theory, can provide information on how to optimally allocate educational resources (Bowles 

1970). 

Given the difficulty of measuring the quality of parental time, researchers usually 

consider family background variables as proxies for parental involvement (Hanushek 1992). 

However, these are usually poor proxies, since they don’t show parental investment directly 

and neither parental response to changes in school inputs, ignoring the relationship among the 

inputs in the education production function. Parents may respond to school changes (teacher 

quality, increase of expenditure) by allocating more or less time with their children, thus 

making time-invariant variables such as family background or fixed effects poor 

measurements of parental involvement. For example, if parents are content with the improved 

quality of education their child receives from an increase in school expenditure, they might 

reduce the time or expenditure they invest in their child’s education. This implies that school 

inputs have not only a direct effect on student performance but also an indirect effect on 

student performance through their effect on family inputs (Kim 2001).  

By neglecting household reoptimization behavior, policy makers may be 

compromising the evaluation and implementation of education policies. While investigating 

the determinants of mother child-care time, Kim (2001) finds that there is a crowding-out 

effect between school expenditure and maternal child-care time in lesser-educated families. 

Similarly, Das et al. (2013) measure household spending variation and student test score 

gains in response to unanticipated as well as anticipated changes in school funding. The 
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authors find that households respond more to anticipated grants than to unanticipated grants, 

and that unanticipated school grants may lead to significant improvements in student test 

scores, whereas anticipated grants have no impact on test scores. Both articles suggest that by 

not considering household responses, previous studies are likely to be biased.  

While much is known about the relationship between family background and student 

performance (Haveman and Wolfe 1995, Hoxby 2001, Black et al. 2005, Chevalier 2004, 

Oreopoulos et al. 2003), surprisingly little is known about parent response to school 

environment. The existent literature has solely assessed parental responses to school funding 

and to class size, suggesting substitutability between parental investment and school 

expenditure (Kim 2001, Das et al. 2013, Houtenville & Conway 2008), while results are 

mixed for the later.1 While school funding and class size are easy to measure and have effects 

at some points, teachers and peers have tended to be stronger predictors of student outcomes 

and there is little evidence on how parents respond to them. To address this gap in the 

literature, this paper investigates whether parents are substitutes or complements to teacher 

and peer quality. 

The main empirical problem in measuring the effect of school inputs on parent 

participation is that the allocation of students to different schools, teachers, and peers may be 

the result of decisions undertaken by schools and parents based on factors that may be 

correlated with parents’ participation. For example, active parents—who are more likely to 

get involved—may place their children in schools or classes with better teachers and peers. In 

this case, a simple cross-sectional analysis would  be biased both by endogeneity of teacher 

and peer quality with respect to parental involvement and by omitted variables.  

																																																								
1 Bonesronning (2004) finds that class size and parental effort are complements in the 
education production function. In contrast, Fredriksson (2014) indicates that parental effort 
and class size are substitute inputs to education. Datar and Mason (2008) report evidence that 
certain types of parental involvement are complements to class size, whereas other types are 
substitutes.  
 



	 4 

To overcome the endogeneity and omitted variables problems this study takes 

advantage of a unique micro panel dataset of Brazilian students to estimate student fixed-

effect and fixed-effect-instrumental-variable models. The use of student fixed effect controls 

for all time-invariant individual and family characteristics that might be correlated with 

parental participation and allocation of students to school inputs. The instrumental variable 

approach controls for the remaining possible time-variant characteristics that are not 

exogenous to parental participation and student selection to school environments.   

Intuitively it is not obvious whether parents will act as substitutes or complements to 

the characteristics of their kids’ teachers or peers. On the one hand, better teachers may do a 

better job in getting parents involved, thus motivating parents to participate more in their 

kids’ education. On the other hand, a better teacher can make parents believe their children 

already have all the attention they need and lead them to participate less. The opposite would 

apply to weaker teachers who may not be effective at involving parents or whose classroom 

would be viewed as having fewer resources, leading parents to participate more. 

Characteristics of peers can also affect how parents participate. For example, teachers of 

classes with a higher proportion of high achievers might reduce time spent on reading and 

math and increase the time allocated to activities such as arts and physical education. As a 

result, possibly allowing parents to reduce the time spent on out-of school activities. At the 

same time, a higher proportion of high achievers might also instigate teachers to teach more 

complex subjects and assign more homework, leading to a demand for more parent effort. 

Based on reasonable utility functions, parents can respond to school inputs in three 

different ways: 1) as resources improve, parents reduce the time they invest in their child 

education; 2) an improvement in resources decrease the marginal return to parental 

investment, resulting in an increase of parental effort; and 3) resources improve, reducing the 

cost of parental inputs (e.g. good teacher help parents participate more). 
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If parent participation and educational inputs are substitutes in the education 

production process, parents may respond to changes in school environment, such as an 

increase in teacher experience, by reducing their efforts in education production. As a result, 

parent utility may improve substantially even though student achievement does not increase 

much. Conversely, if educational inputs and parent effort are complements, parents can 

increase their participation as a result of an increase in peer quality. Given that both parental 

and schooling inputs influence student achievement, the way parents respond to such changes 

will determine the effect of increasing resources in schools. Thus, when planning and 

implementing public policies aimed at raising student achievement, policy makers may want 

to consider whether parents will increase or decrease their effort as a response to the policy.  

The measures of parent participation used in this analysis account for the two 

different dimensions of parental time allocation described in Hanushek (1992) by 

investigating parent participation at the home (private) and at the school level (public).  Using 

Brazilian middle school data, this study conducts analyses for Cycle I (1st to 4th grade) 

Brazilian public school students. 

Overall, results show that parents are substitutes for the school inputs investigated 

here. For parent participation at home, parents respond negatively to more experienced 

teachers, higher Portuguese peer achievement, peers whose parents have higher incomes and 

teacher value added, both for math and Portuguese. Parents respond positively to a class with 

higher standard deviations in Portuguese scores, which also indicates substitutability. At the 

school level, parents substitute for peers whose parents have higher incomes, but serve as 

complements to peers whose parents have more education.  

The remainder of this study is organized as follows. The next section summarizes the 

conceptual framework, while Section 3 presents the empirical approach. Data, sample 
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selection and descriptive statistics are described in section 4, with section 5 reporting the 

results. Section 6 offers concluding remarks and implications.  

2. Conceptual Framework 

Children’s educational outcomes are influenced by the amount of family resources 

allocated to children, the nature of these resources, and the timing of their distribution 

(Haveman & Wolfe 1995). The process underlying children's educational outcomes is 

considered by economists to be an aspect of family behavior theory. Becker provides the 

foundation for much of this research, in particular Becker and Tomes (1986; see also Becker 

and Tomes 1976; and Becker 1965). According to this literature, parents engage in 

"production" of the wellbeing and achievement of their children by combining their own time 

in the home with market-purchased inputs. The Production of children's outcomes takes place 

subject to constraints imposed by family income and market prices, including the opportunity 

costs of parental time. Parental decisions can also be conditioned on the child's own 

endowments of innate ability and other traits. While some endowments are transmitted 

genetically, a child acquires others through specific instruction or simply from exposure to 

the family's environment (Hill & O'Neil 1994). 

Although Becker and Tomes (1976) provide a rich model to understand the role of 

parents in spending on educational inputs, they do not consider the interactions of schools 

and household inputs. Todd and Wolpin (2003) proposed a framework wherein family inputs 

in the education production function can change in response to a change in school inputs. The 

authors propose an achievement production function that takes into account the entire history 

of the family and school inputs as well as the children’s endowments. They also modeled a 

decision rule for both parents and schools that determine the level of inputs. According to 

Todd and Wolpin’s model, estimates based on the production function approach will capture 

a “policy-effect” that incorporates both the marginal impact of school inputs on outcomes as 
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well as household responses to such inputs. Houtenville and Conway (2008) simplify Todd 

and Wolpin’s (2003) specifications to focus on the role of parental effort. 

In order to guide the empirical specifications in this paper, I adopt a framework 

similar to that put forward by Houtenville and Conway (2008) and Todd and Wolpin (2003). 

Specifically, parents maximize their utility function considering different inputs, one of 

which is their child’s achievement (A). I assume that the achievement production function 

mixes parental effort (P) and school resources (𝑆).  

𝐴 = 𝐴 𝑃, 𝑆              (1) 

An exogenous change in school inputs has a direct and an indirect effect on 

achievement:  

𝑑𝐴
𝑑𝑆 =

𝜕𝐴
𝜕𝑆 +

𝜕𝐴
𝜕𝑃

𝜕𝑃
𝜕𝑆     (2) 

The total effect includes both the ceteris paribus effect holding other inputs constant as well 

as any indirect effects that operate through changes in the levels of parent effort. Assuming 

that parent effort has a non-negative effect on achievement (!"
!"
≥ 0), the indirect effect of the 

change would be negative if parents substituted (!"
!"
< 0) for the school input and positive 

(!"
!"
> 0) if they complemented it. 

Parents can be substitutes or complements to school inputs. On one hand, it is 

possible that families whose children were assigned to a more experienced teacher would 

spend less time helping their children at home because they believe a more experienced 

teacher knows what their children need and is able to provide it. In that case, we would 

observe a substitution effect of parents (!"
!"
< 0) to teacher experience. If more experienced 

teachers represent a positive effect on achievement, the total effect on achievement would 

depend on the size of the direct and indirect effect.  On the other hand, a more experienced 

teacher may assign more challenging homework, thus demanding more parent effort. Or a 



	 8 

more experienced teacher may be better able to reach out to parents and get their 

participation. Parents would, in these cases, complement the teacher (!"
!"
> 0). There are 

many hypotheses about how parents interact with school inputs and there is not a solid model 

to account for these interactions. By investigating the data, this paper aims to shed light on 

the relationship between parents and school environment, which may help to reject certain 

models. 

Parent responses to school inputs may change both the effects of policies and the 

estimation of these effects. Substitution effects from parents could explain the weak results 

for school resources on achievement sometimes found in the literature. Increasing resources 

may improve school quality; however, if parents respond by reducing their effort, the 

estimated effects of resources are likely to be biased downward. While the few studies 

described above have explored parent responses to school finance and class size, parent 

responses to other essential school inputs, such as teachers, peers, staff and other school 

characteristics remain unexplored. The purpose of this study is to investigate whether parents 

substitute or complement teacher and peer quality, thus contributing to the existing literature 

of household behavior and education production functions. 

3. Empirical Strategy 

Estimating the causal effect of school inputs on parent involvement is challenging. 

Students are assigned to particular schools, classes, and teachers based on unobserved 

variables that affect achievement and parent participation. One way these assignments work 

is that parents self-select into schools based on their educational preferences and their 

children’s ability. A family that attributes a high value to education may choose schools with 

better teachers and peers; a family with a gifted child may select a school that offers special 

programs. Additionally, parents might attempt to influence their children’s assignment to 

specific classes or teachers and, consequently the children’s peers within the school. For 
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example, if parents believe a certain teacher is better at getting parents involved or in 

increasing student achievement, they might attempt to have their kids placed with that 

teacher. However, it is not always a matter of families selecting schools, teachers and classes; 

schools might also assign students to classes and teachers based on achievement and behavior 

patterns.  

A simple cross-section analysis of school inputs and parent participation would 

generate biased estimates because of both endogeneity and omitted variables. An ordinary 

least square estimation would only be valid if students were randomly assigned to schools, 

classrooms and teachers within schools. In order to identify the causal effects of school inputs 

on parental involvement, I take advantage of the longitudinal aspect of the dataset to control 

for both endogeneity and omitted variables. By estimating student fixed effects models, I am 

able to eliminate two types of confounders. First, I control for any unobserved time-invariant 

characteristics of the family and child that may drive both parent involvement and selection 

of school, classes, and teachers. Fixed effects models allow this because they exploit the 

variation in school inputs for the same students as they go from one grade to the next. 

Second, by adding a year fixed effect to the model, any time trends in parent participation 

that are common across families are treated as a constant and do not represent a threat to the 

model. For example, parents might change their behavior as their child moves from one grade 

to another.  

The fixed effect model is estimated using the following equation: 

𝑃!"#$% = 𝛽! + 𝛽!𝑪!"#$ +  𝛽!𝑻!"#$ +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%   (1) 

where Picgst denotes parental participation for student i in classroom c, grade g, school s and 

year t; Ccgst denotes peer characteristics in classroom c, in grade g, school s, and year t; 

Tcgst denotes teacher characteristics in classroom c, in grade g school s, and year t; 𝜃! is the 
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individual fixed effect; 𝜏! is a time-specific effect;  𝛿! is the grade fixed effect; and 𝜖!"#$% is 

the error term. 

This strategy is valid if the unobservable attributes that simultaneously determine 

parent participation and student placement with school inputs are constant over time. If the 

time variation of the relevant unobservables is correlated with parent participation and 

student placement, the fixed-effect estimator is biased. For example, it is likely that the 

placement of students into school inputs is correlated with idiosyncratic transitory shocks at 

the household level and, if so, there may be a direct effect of such shocks on parent 

participation. Idiosyncratic shocks affecting parent time allocation could be correlated with 

student placement and parent participation; a parent’s job loss might affect the contributions 

that she makes; it might also lead the parent to choose a different school in a less expensive 

area. In this case peers and teachers would seem linked to the parents’ contribution, but 

unemployment is actually a third factor causing both events. Moreover, other sources of 

shocks may be both correlated to parent participation and allocation to school inputs. These 

include changes at the school level, changes in family structure and parental marital status, or 

health problems. Divorce, for example, might result in the student changing schools as well 

as affecting parents’ disposable time. In this case, it may appear that the child’s being in a 

worse class is causing parents to become less involved; however, both of these are 

consequences of the divorce, which is a shock. In such cases, the fixed effect estimate would 

be biased, as it would attribute the effect of the shock to school inputs. Because this paper 

uses student fixed effects, it is only necessary to find variation in a student's assignment to 

classes and teachers that is plausibly orthogonal to time-varying determinants of parent 

participation. Therefore, to address concerns about any remaining bias in the student fixed-

effects models, I use an instrumental variable strategy, specifically, I use only variation in 
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student assignments to classrooms and teachers induced by changes in cohort composition2, 

as opposed to parent choices. 

I argue that parents cannot perfectly predict how their child’s actual cohort will turn 

out. This instrumental variable strategy depends on the idea that, within a given grade and 

school, there is some idiosyncratic variation in the student cohort composition that is not 

easily managed by parents or schools. This strategy has been used in prior studies, mainly in 

the peer effect literature (Hoxby 2000; Lavy & Paserman 2011). By exploring variation in 

cohort composition within a grade and school, it is possible to overcome the selection and 

sorting of students. The instrument will assign to the student the average peer and teacher 

characteristics of the cohort she experienced. The fixed effects instrumental variable is 

estimated using the following two-stage least squares (2SLS) model: 

𝐶!"#$ = 𝛼! + 𝛼!𝑪!"#!"!!"# +  𝛼!𝑻!"#!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜀!"#$%   (2) 

 

𝑇!"#$ = 𝜌! + 𝜌!𝑪!"#!"!!"# +  𝜌!𝑻!"#!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜁!"#$%  (3) 

 

𝑃!"#$% = 𝛽! + 𝛽!𝑪!"#$!"!!"# +  𝛽!𝑻!"#$!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%          4  

where 𝐶!"#$!"!�!" and 𝑇!"#$!"!!"# are the predicted value from the first-stage regressions in 

Eq. (2) and (3). The instrument 𝐶!∗!∗!!"!!"# assigns to the student the average peer characteristics 

of the cohort. Analogously, the instrument 𝑇!∗!∗!!!!!"# assigns the average teacher characteristics 

of the cohort to the student. Note that the instruments are at the cohort level (grade by year by 

school), rather than at the class level. 

However, the instrument must not reflect potentially endogenous student moves. For 

instance, unexpected changes in family income can result in neighborhood changes and affect 

																																																								
2 A cohort is a grade-by-school year-by-school cell, whereas a class is a grade-by-school 
year-by-classroom cell 
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parent participation. Therefore, I use a simulated instrumental variable strategy to eliminate 

omitted variable biases due to shocks correlated with parent participation. This strategy is 

closest in spirit to that put forward by Hoxby & Weingarth (2005). 

I define a student's "simulated instrument cohort" (SIC) to be the group of students 

and teachers who would be in her cohort if reassignments were allowed, but all potentially 

endogenous student movements were disallowed (Hoxby & Weingarth 2005). The simulated 

instrument will assign to the student the average peer and teacher characteristics of the cohort 

she would have gotten if she had advanced in the normal way and stayed at the same initial 

school. The instrument is deliberately constructed to include or summarize all of the variation 

that would have naturally occurred and deliberately constructed to exclude other variation 

that might be endogenous or correlated with omitted variables. Thus, the simulated 

instrument isolates the exogenous component of the change in cohort composition by 

identifying the portion of the change that would have naturally occurred in the absence of any 

endogenous mobility. Note that because the instrument is constructed to exclude the 

endogeneity, the exclusion restriction is automatically satisfied. Moreover, a typical 

simulated instrument has a high correlation with the potentially endogenous variable and has 

high t-statistics. Therefore, weak instruments should not be of concern when using simulated 

instruments.  

The fixed effects simulated instrumental variable is estimated using the following 

two-stage least squares (2SLS) model: 

𝐶!"#$ = 𝛼! + 𝛼!𝑪!∗!∗!!"#.  !"!!"# +  𝛼!𝑻!∗!∗!!"#.  !"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜀!"#$%   (5) 

𝑇!"#$ = 𝜌! + 𝜌!𝑪!∗!∗!!"#.  !"!!"# +  𝜌!𝑻!∗!∗!!"#.  !"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜁!"#$%  (6) 

𝑃!"#$% = 𝛽! + 𝛽! 𝛽!𝑪!"#$!"#.!"!!"# +  𝛽!𝑻!"#$!"#.!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%          7  

where 𝐶!"#$!"#.!"!!"# and 𝑇!"#$!"#.!"!!"# are the predicted value from the first-stage regressions in 

Eq. (5) and (6). The instrument 𝐶!∗!∗!!"#.  !"!!"# assigns the average peer characteristics of the 
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cohort to the student if she had advanced as expected and stayed at the initial school. 

Analogously, the instrument 𝑇!∗!∗!!"#.  !"!!"# assigns the average teacher characteristics of the 

cohort to the student if she had advanced as expected and stayed at the initial school. The g* 

subscript is the grade the student would be in if she had advanced at the expected rate, while 

s* is the school she would be in if she stayed at the initial school.  

Models 1 to 7 will first be estimated having peer characteristics and teacher 

experience and education as independent variables. The parameters of interest in models 1, 4 

and 7 are 𝛽! and 𝛽!, which capture how parental involvement responds to changes in peer 

characteristics as well as to teacher experience and education.  

A second set of models will then be estimated having teacher value added (TVA) as 

the main independent variable. However, simply estimating how parents respond to the 

current year TVA would be endogenous as parents’ actions might have an impact on TVA.  

More active parents may contribute to a teacher having a higher value added in that year; the 

opposite might also be true. Therefore, the TVA of the previous year (t-1) will be used as a 

measure of teacher quality that can no longer be influenced by parental participation. The 

following equations show how models 1, 3, 4, 6 and 7 will be adapted in order to estimate the 

impact of TVA on parental involvement: 

𝑃!"#$% = 𝛽! + 𝛽!𝑙𝑎𝑔_𝑇𝑉𝐴!"#$ +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%   (1.1) 

𝑙𝑎𝑔_𝑇𝑉𝐴!"#$ = 𝜌! + 𝜌!𝑙𝑎𝑔_𝑇𝑉𝐴!"#!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜁!"#$%  (3.1) 

𝑃!"#$% = 𝛽! + 𝛽!𝑙𝑎𝑔_𝑇𝑉𝐴!"#$!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%          4.1  

𝑙𝑎𝑔_𝑇𝑉𝐴!"#$ = 𝜌! + 𝜌!𝑙𝑎𝑔_𝑇𝑉𝐴!∗!∗!!"#.  !"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜁!"#$%  (6.1) 

𝑃!"#$% = 𝛽! + 𝛽! 𝛽!𝑙𝑎𝑔_𝑇𝑉𝐴!"#$!"#.!"!!"# +  𝜃! + 𝜏! + 𝛿! + 𝜖!"#$%          7.1  

where 𝑙𝑎𝑔_𝑇𝑉𝐴 represents the value added that teacher in period t got in t-1. All the other 

variables are analogous to the previous models.  The parameter of interest is 𝛽!, which 

captures how parental involvement responds to changes in teacher value added. 
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As stated earlier, the direction of the effect for all the models described above is not 

obvious. The parameter will be positive if parent participation and the school input of interest 

are complements in the education production function. For example, in classes with a larger 

proportion of high SES families (more educated and with a higher income), parents may 

value education more, thereby creating an environment in which parents value participation, 

and ultimately increasing parent effort. On the other hand, such a class composition could 

suggest to the parents that more resources are available to their child; this would then 

decrease parental effort. In this case, parent participation and school input are substitutes, and 

the parameter of interest will be negative.   

4. Data, Sample Selection and Descriptive Statistics 

4.1. Data and Sample Selection 

In Brazil elementary education is mandatory for children aged 6–14 and is divided 

into primary school (or Cycle I; grades 1-4) and secondary school (or Cycle II; grades 5-8). 

During the first Cycle a single teacher is responsible for teaching the core subjects to one 

group of students, whereas in Cycle II, there are as many teachers as subjects. Elementary 

schools can be private or public; the latter are funded by the city and state, and account for 

80% of the students. According to the 2010 Educational Census from the Brazilian Ministry 

of Education, about 1.56 million students are enrolled in primary and secondary schools in 

the city of São Paulo. Of these students, 30.4% are enrolled in public municipal schools, 

47.9% are enrolled in public state schools and 21.7% are enrolled in private schools; these 

proportions are similar for both Cycles. 

In this paper, I use a unique panel data set of Brazilian children in the municipality of 

São Paulo. The Prova São Paulo (São Paulo Exam) is a large-scale evaluation system 

implemented in 2007 to assess the performance of students in primary and secondary 

education in São Paulo’s municipal schools. Exams in mathematics and Portuguese, as well 



	 15 

as student questionnaires, were given annually from 2007 to 2012 and were discontinued in 

2013. From 2007 to 2010 all students in the even grades (2nd, 4th, 6th and 8th) took the exam. 

From 2008 to 2010 the exams were also given to randomly selected students in the odd 

grades (3rd, 5th, 7th).3 In 2008 the random sample was composed of one class per grade per 

school, while in 2009 and 2010 the sample included 35 students per grade per school.4 The 

exams were structured based on Item Response Theory (IRT), which allows for the 

comparison of results between grades and years. Additional questionnaires were given to 

parents and school employees (teachers, principals, coordinators and supervisors).5 In each of 

the years, about 300,000 students in 12,000 classes in 500 schools took the exam. 

This paper only uses data from 2009 and 2010 because questions from parent 

questionnaires were modified after 2007, and the parent questionnaires were not administered 

in 2008. Due to data availability, the sample constructed for this study includes all Cycle I 

students found in the data from 2009 and 2010 whose parents answered the questionnaires for 

both years 6 . This sample constitutes a balanced panel of 16,378 observations (8,189 

students), containing a total of 497 schools, 3,585 classes and 2,858 teachers. 

The Prova São Paulo data offer many advantages for exploring the relationship 

between parent involvement and school inputs. First, its longitudinal aspect makes it possible 

to explore the casual link between parent involvement and school environment. Second, the 

richness of the parent questionnaire allows investigation into different dimensions of parent 

participation as well as its relationship to peer SES characteristics.  Third, the ability to link 

students to teachers provides an opportunity to investigate how parents respond to teachers 

																																																								
3 Data for 2011 and 2012 have not yet been disclosed 
4 All students from 3rd and 4th grades who were not literate at the expected age level were also 
included in the sample from 2008 to 2010. 
5 The parents’ questionnaire was not administered in 2008 and the school employees’ 
questionnaires were not administered in 2009.  
6 I restricted the sample to those with complete information for all variables included in the 
model. 
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with different education levels and years of experience. Finally, many students, schools, 

grades and classrooms were sampled, allowing for the construction of good average grade-

level instruments. Thus, The Prova São Paulo offers a unique opportunity to explore student, 

parent and teacher information all in the same data set and longitudinally organized.  

4.2. Dependent Variables 

The literature contains little information about good measures of parent participation. 

While describing parental time allocation decisions, Hanushek (1992) considers two types of 

educational inputs that are optimized by parents: “public” time and “private” time. The first 

corresponds to group activities within the family, such as motivating children toward 

schooling and transmitting language, and is directly analogous to the concept of public good. 

The second is child specific, with no spillover to other children in the family—such as 

helping a child with homework.  

The measures of parent participation used in this study account for the two different 

dimensions described by Hanushek (1992). The first measure assesses parent and child 

interaction, by investigating how often parents help their child study at home, or parental 

“private” time. The parents were asked to check if they “strongly agree”, “agree in part”, 

“disagree” or “don’t know” for the following statement: “I help my child study at home”7 and 

were limited to one answer only. The variable is equal to 1 whenever parents answered 

“disagree”, 2 for “I don’t know”, and 3 if they answered “strongly agree” or “agree in part”. 

The second measure uses factor analysis to examine parent participation at the school 

level. The factor is created out of four questions answered by the parents. The first three 

questions asked parents how they participated in their child’s school life that year. They had 

																																																								
7 The precise wording of the question was (translation by the author): “Read the sentence 
below and check if you agree or disagree with the statement. If you are unsure how to 
evaluate the item, please check the ‘I don’t know’ option (check only one answer per 
sentence):  
I help my child to study at home 
(a) Strongly agree (b) Agree in part (c) Disagree (d) I don’t know 
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to answer “yes” or “no” for the following options: (1) I went to the parent meetings, (2) I 

talked to my child about school, and (3) I talked to educational coordinators. The fourth 

question was also about parent participation in meetings, but was asked in a different context, 

that of parent participation in activities.8 The results of factor analysis yield one factor 

(eigenvalue 1.6), labeled ParentSchool, which accounts for 96% of the variation in the four 

variables studied. 9  This measure captures the public-good-features of parental time 

allocation.  

Table 1 presents some descriptive statistics of the dependent variables ParentHome 

and ParentSchool, as well as of each of the four variables used to construct the factor 

ParentSchool, including the factor loadings. The mean for the variable ParentHome is 3.57, 

while the mean for ParentSchool is 0.92.  

Table 1. Descriptive Statistics for the Dependent Variables 
  Mean SD Min Max Factor 

Loading 
  Parent Home 3.57 0.72 1 4   
Parent School 0.92 0.24 0 1.11   
Variables contained in the factor Parent School     
I went to the parent meetings 0.92 0.27 0 1 0.80 
I talked to my child about school 0.82 0.38 0 1 0.38 
I talked to educational coordinators  0.34 0.47 0 1 0.37 
Parent Meetings 2 0.90 0.30 0 1 0.82 

 
																																																								
8 The precise wording of the questions was: 
How have you participated in the school life of your child this year? (Select more than one 
response if applicable):  
(A) I went to the parent meetings (Yes) (No);  
(B) I talked to my child about school (Yes) (No);  
(C) I talked to educational coordinators (Yes) (No);  
(…) 
Which school activities did you attend this year? (Select more than one response if 
applicable)  
(A) Parent meetings (Yes) (No);  
(…)  
9 The factor analysis was performed using a polyochoric correlation matrix. Standard factor 
analysis methods work under the assumption that the variables are continuous and follow a 
multivariate normal distribution. If dichotomous or ordinal variables are used instead, a factor 
analysis can be implemented using a polychoric correlation matrix. 
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 Since fixed effect estimators were used, for the purpose of empirical identification, it 

is necessary to have variation in parent involvement from 2009 to 2010. Table 2 reports 

changes in parent participation between both years. 10  There is sufficient variation in the two 

dependent variables.  

Table 2. Variation in Parental involvement from 2009 to 2010 

  2009 2010 
Change from 
2009 to 2010 

 

  Mean SD Mean SD 
% 
Up 

% 
Down 

 ParentHome 3.69 0.61 3.45 0.80 5.27 14.13 
 ParentSchool 0.86 0.27 0.99 0.20 26.40 5.67 
               
  

4.3. Independent Variables 

The recent empirical literature on peer effects provides evidence that high-quality 

peers can make a positive contribution to the educational outcomes of others (Ammermueller 

and Pischke, 2009; Kang, 2007; Lefgren, 2004; Hanushek et al., 2003 and Zimmerman, 

2003). The peer group composition of classrooms is undoubtedly important in the minds of 

parents as well as policy makers (Hanushek et al., 2003). Recent empirical literature on 

education has also consistently showed teacher quality to be one of the most, if not the most, 

important within-school element of student learning (Rockoff 2004; Rivkin, Hanushek, and 

Kain 2005). However, there is no consensus on the best measure of a teacher’s effectiveness. 

Graduate degrees and experience were found to be weak predictors of a teacher’s 

contribution to student achievement (Hanushek 1986, 1997). Recently, there has been a great 

deal of attention paid to teacher value-added, which has been largely used as a measure of 

teacher effectiveness. This measure use multiple years of students’ test score data to estimate 

																																																								
10 Table A.1 in the Appendix A show a transition matrix of parent participation in 2009 and 
2010 for the dependent variable Parent Home.   
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the effects of individual teachers and attempts to isolate teacher’s effect from all other factors 

influencing achievement.  

Although several recent studies show the importance of peers and teachers for student 

learning, its relation with parental involvement remains an under-explored issue. To address 

this gap in the literature, this paper investigates how parents respond to teacher and peer 

quality. As previously described, the main independent variables of this paper are teacher 

(denoted by Tcgst) and peer (denoted by Ccgst) characteristics, as well as teacher value 

added (denoted by lag_TVAcgst). While teacher education and experience were found to be 

weak predictors of a teacher’s contribution to student achievement, they might indicate 

teacher quality to parents, since they are observables measures. TVA is used in order to 

capture extra information that parents might have on teachers that is not observed by 

researchers. Information for the teachers was collected from teacher questionnaires. The peer 

characteristics were obtained from parent questionnaires as well as from the Portuguese and 

math exams taken by the students.  

4.3.1. Teacher characteristics 

Table 3 provides definitions and descriptive statistics for the teacher characteristics 

used as independent variables. The two characteristics investigated are teacher education and 

years of experience. Descriptive statistics of students assigned to each teacher category 

(Tcgst) are shown in Columns 1 to 4 (class level). Columns 5 and 8 show statistics for the 

instruments at the cohort level (𝑇!∗!∗!!"!!"#)11 and Columns 9 to 12 show statistics for the 

simulated instruments at the cohort level (𝑇!∗!∗!!"#.  !"!!"#). The vast majority of students had 

teachers with a BA or specialization (99%); therefore, this analysis focuses on the 

comparison of teachers with a BA and teachers with a specialization. 

																																																								
11 The instrument at the cohort level for teacher education contains the proportion of teachers 
in each education category (BA, specialization, MA and PhD) teaching that cohort. The same 
is true for teacher years of experience.  
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Table 3. Descriptive Statistics for the Independent Variables: Teacher Education and 
Years of Experience  

 
Mean SD Min Max Mean SD Min Max Mean SD Min Max 

 
Class Level Cohort Level Simulated Cohort Level 

Teacher Education 
 

    
  

  
    BA 0.75 0.43 0 1 0.76 0.26 0 1 0.75 0.27 0 1 

Specialization 0.24 0.43 0 1 0.24 0.25 0 1 0.24 0.26 0 1 
Master 0.01 0.09 0 1 0.01 0.05 0 0.64 0.01 0.06 0 0.93 
PhD 0.00 0.02 0 1 0.00 0.02 0 1 0.00 0.02 0 0.97 
Teacher Experience 

 
    

  
  

    < 6 year 0.05 0.21 0 1 0.04 0.12 0 1 0.05 0.13 0 1 
6 to 10 years 0.09 0.29 0 1 0.09 0.17 0 1 0.10 0.18 0 1 
11 to 15 years 0.17 0.37 0 1 0.16 0.22 0 1 0.17 0.22 0 1 
16 to 20 years 0.22 0.42 0 1 0.22 0.25 0 1 0.22 0.25 0 1 
 > 20 years 0.48 0.50 0 1 0.48 0.32 0 1 0.46 0.32 0 1 
 

4.3.2. Peer characteristics 

Table 4 reports definitions and descriptive statistics for the peer characteristics. The 

structure of the Columns is analogous to that of Tables 3, but for the peers (Ccgst, 

 𝐶!∗!∗!!"!!"#and  𝐶!∗!∗!!"#.  !"!!"# in the empirical section). The variables explored are means and 

standard deviation of peer achievement (in t-1), average household income, and average 

parent education at the class level (or the cohort, for the instrument). The first four variables 

were constructed using student standardized test scores for math and Portuguese exams from 

the previous year (the end of 2008 for the year of 2009 and the end of 2009 for the year of 

2010). The variables Lag z-Math and Lag z-Port are the average previous scores (from the 

end of the previous period) of the students in the class (or the cohort for Columns 3-4 and 7-

8), for math and Portuguese respectively. The variables SD Lag z-Math and SD Lag z-Port 

are the standard deviation of student scores in the class (or cohort), for math and Portuguese, 

respectively. 
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Table 4. Descriptive Statistics for the Independent Variables: Teacher Education and Years of 
Experience  

 
Mean SD Min Max Mean SD Min Max Mean SD Min Max 

 
Class Level Cohort Level Simulated Cohort Level 

SD Lag z-Math 0.93 0.26 0.03 2.37 0.97 0.14 0.41 1.56 0.95 0.14 0.29 1.60 
SD Lag z-Port 0.92 0.24 0.01 1.99 0.95 0.14 0.34 1.69 0.94 0.13 0.20 1.57 
Lag z-Math -0.03 0.49 -1.78 1.98 -0.05 0.39 -1.25 1.68 0.05 0.36 -1.82 1.68 
Lag z-Port -0.02 0.50 -1.80 2.30 -0.03 0.41 -1.37 1.82 0.05 0.37 -1.69 1.82 
Household Income  

 
    

  
  

    <$350 0.38 0.15 0 1.00 0.38 0.11 0.08 0.75 0.38 0.11 0.08 1.00 
 $350 - $885 0.39 0.14 0 1.00 0.39 0.10 0.06 0.72 0.39 0.10 0 0.74 
 >$885 0.06 0.07 0 0.67 0.06 0.05 0 0.28 0.06 0.05 0 0.30 
I don't know 0.16 0.10 0 0.63 0.16 0.07 0 0.42 0.16 0.07 0 0.63 
Parents Education 

 
    

  
  

    < ES incomplete 0.10 0.09 0 1.00 0.10 0.06 0 0.40 0.10 0.06 0 0.50 
ES complete - MS 
incomplete 0.23 0.12 0 0.80 0.23 0.08 0 0.51 0.23 0.08 0.01 0.60 
MS complete - HS 
incomplete 0.23 0.11 0 0.88 0.23 0.06 0.04 0.43 0.23 0.06 0 0.48 
HS complete  0.33 0.13 0 1.00 0.33 0.09 0.04 0.65 0.33 0.09 0 0.61 
HE incomplete - 
Graduate Ed. 0.11 0.09 0 0.67 0.10 0.07 0 0.47 0.11 0.07 0.00 0.50 
I don't know 0.00 0.02 0 0.25 0.00 0.01 0 0.06 0 0.01 0 0.14 
 
 
 

4.3.1. Teacher Value Added 

In order to generate teacher value-added measures, the following teacher fixed effects 

model is estimated for each subject (math and Portuguese): 

𝐴!"#$% = 𝛽! + 𝛽!𝐴!"#$(!!!) +  𝛽!𝑿!" +  𝛽!𝑪!"#$ + 𝜇! + 𝜏! + 𝛿! + 𝜖!"#$%   (8) 

Here, the standardized achievement (A) of student i, in classroom c, grade g, school s and 

year t is a function of his or her prior achievement (A at t-1), student characteristics (X), 

characteristics of the classroom (C), a fixed-effect for the teacher (𝜇!), a fixed-effect for the 

grade level of the student (𝛿!), a fixed effect for the year (𝜏!), and a random error term 

(𝜖!"#$%). At the student level, prior achievement of the other subject is included as a control 

(Portuguese when A is math score; math when A is Portuguese). At the classroom level, the 

mean and standard deviation of student test scores (math and Portuguese) in the prior year are 

included as controls to account for potentially relevant peer effects. Note that in order to 
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investigate how parents respond to TVA, TVA of the previous year will be used as the main 

independent variable. Therefore, equation 8 will generate teacher-by-year effects. 

Model 8 is estimated using the STATA routine Felsdvregdm (see Mihaly et. al 2010 

for more information). The benefit of this software package is that the value-added estimates 

contrast all teachers to the average teacher effect within a given year and grade range. 

Alternative solutions contrast all teachers to an arbitrary holdout teacher, which can alter the 

absolute teacher effect estimates and produce incorrect standard errors. 

In order to alleviate measurement error problems that are usually a concern in TVA, 

only teacher-by-year effects that were based on at least 5 students were considered in the 

analysis and empirical Bayes estimates were employed. The empirical Bayes method 

“shrinks” teacher effect estimates toward the population mean, with the degree of shrinkage 

proportional to the standard error of the teacher effect estimate (Morris 1983). 12 

Table 5 reports descriptive statistics for the lag-TVA on both subjects, math and 

Portuguese. Note that using lag-TVA as a dependent variable requires that both the student 

(due to the student fixed effect) and teacher be observed in two consecutive years, which 

decreases considerably the sample size. To maximize the precision and power of the results, 

all available data were used for each analysis.  

 

																																																								
12 Though results from the teacher effect specification are presented, aggregated residuals 
models were also estimated using a similar specification of equation 8, but not including 
teacher fixed effects. Conceptually, this model compares teachers to other “similarly 
circumstanced” teachers by first predicting students’ achievement with both prior 
achievement measures and classroom characteristics that may influence their achievement, 
and then attributing the remaining unexplained variation in student performance to individual 
teachers. Classroom random effects were specified to take into account that errors are 
correlated within classrooms. Empirical Bayes estimates were employed and only teacher-by-
year effects that are based on at least 5 students were considered. The results are very similar 
and can be found in Table A.4 in Appendix A. Descriptive statistics for TVA calculated using 
the aggregated residuals model can be found in Table A.3 in Appendix A. Correlations 
between the two TVA methods are 0.92 for Math and 0.90 for Portuguese.  
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Table 5. Descriptive Statistics for lag-TVA    

  
Parent Home 

 
Parent School  

 
N Mean SD Min Max N Mean SD Min Max 

lag-TVA - 
Math 6192 0.027 0.167 -0.636 0.931 5144 0.024 0.164 -0.636 0.681 

lag-TVA - 
Portuguese 6412 0.019 0.167 -0.671 1.180 5368 0.014 0.165 -0.671 0.723 
                      

5. Results  

Tables 6 and 7 report the results of the estimates described by equations 1, 4, 7, 1.1, 

4.1 and 7.1 of the empirical strategy section. Columns 1 and 4 show the results for the student 

fixed effects approach (FE), Columns 2 and 5 show the estimates for the student fixed effects 

plus instrumental variable at the cohort level (FE+IV COH), while Columns 3 and 6 show the 

estimates for the student fixed effects plus instrumental variable approach at the simulated 

cohort level (FE+IV SIM COH). All the estimates include grade and year fixed effects. 

Columns 1 to 3 report the results for the variable ParentHome and 4 to 6 for the variable 

ParentSchool. Because the FE+IV SIM COH is a more rigorous strategy, this section first 

focuses on the results of Columns 3 and 6 and then more broadly examines the other 

Columns.  

First stage results are shown in Appendix A (Tables A.4 to A.10). As expected, all the 

F-tests are strong and the coefficient on the simulated instrument corresponding to the 

dependent variable is always estimated to be positive and highly statistically significant, 

suggesting that the instrument is strong enough to avoid weak instrument problems. This 

comes as no surprise since the simulated instrumental variable was constructed to capture all 

the variation in the school inputs included in this study except the variation caused by 

potentially endogenous student moves.  

5.1. ParentHome 

 Column 3 of Table 6 shows the estimates of the FE+IV SIM COH model for the 

variable ParentHome. Five main points emerge from these results. First, more experienced 
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teachers cause parents to participate less. All the teacher experience categories are negative 

compared to the category of teachers with less than five years of experience, although the 

first category (6 to 10 years) is not statistically significant. The marginal impact of these 

estimates ranges from a 18% to 23% of a standard deviation decline in parent participation. 

Second, the greater the dispersion of previous Portuguese score distributions in the class, the 

more parents get involved (20% of a standard deviation). Third, higher peer achievement in 

Portuguese (as measured by previous scores) causes parents to decrease their participation by 

19% of a standard deviation. Fourth, peers with an average household income higher than 

$850 cause parents to decrease their involvement by 64% of a standard deviation when 

compared to peers with a low SES average (less than $350). Finally, although results are not 

statistically significant, coefficients are negative for teachers that have a specialization 

compared to those with only a BA degree as well as for 3 categories of the parent education 

aggregated variables.  

Overall, results show that parents are substitutes for the school inputs investigated 

here. They respond negatively to more experienced teachers, peers with higher achievement, 

as well as peers with parents who have higher incomes. On the other hand, parents respond 

positively to a class with higher standard deviations in Portuguese (SD Lag z-Port), which 

also indicates substitutability.  

5.2. ParentSchool 

Column 6 of Table 6 shows the results for the variable ParentSchool. Parents get less 

involved in school activities by 37% of a standard deviation if their children experience a 

class with an average household income between $350 and $885, and they decrease their 

participation by 83% of a standard deviation if their children experience a class with an 

average household income higher than $885  (as opposed to less than $350).  
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Parents get more involved in school-related activities when the peers have more 

educated parents. When compared to the omitted group (elementary school or incomplete 

middle school), all variables of parent education are positive, but this result is not significant 

for the two higher groups (high school and incomplete higher education or graduate 

education). The effect is equivalent to 48% of a standard deviation of parent participation for 

the category elementary school or incomplete middle school and 72% for the category middle 

school or incomplete high school.  
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Table 6. Effects of School Inputs on Parent Participation  

 Parent Home Parent School  

 
(1) (2) (3) (4) (5) (6) 

 
FE  FE+IV 

COH 
FE+IV 

SIM COH FE  FE+IV 
COH 

FE+IV 
SIM COH 

Teacher Specialization (omitted: BA) -0.00521 -0.0237 -0.0173 -0.00559 0.00336 -0.00402 

 
(0.0118) (0.0215) (0.0270) (0.00415) (0.00792) (0.00889) 

Teacher Experience (omitted: < 5 
year) 

   
  

  6 to 10 years -0.0595 -0.0765 -0.102 -0.00536 -0.0162 -0.00678 

 
(0.0319) (0.0528) (0.0657) (0.00921) (0.0176) (0.0216) 

11 to 15 years -0.0569 -0.121 -0.160 0.00143 -0.0173 -0.0200 

 
(0.0314) (0.0536) (0.0604) (0.00852) (0.0153) (0.0202) 

16 to 20 years -0.0551 -0.152 -0.167 0.00763 -0.0342 -0.0316 

 
(0.0309) (0.0523) (0.0614) (0.00831) (0.0156) (0.0196) 

 > 20 years -0.0480 -0.106 -0.126 0.00203 -0.0228 -0.0191 

 
(0.0293) (0.0495) (0.0566) (0.00811) (0.0149) (0.0189) 

Class: SD Lag z-Math -0.0356 -0.123 -0.0809 0.00346 0.00641 -0.00998 

 
(0.0229) (0.0477) (0.0636) (0.00744) (0.0171) (0.0194) 

Class: SD Lag z-Port -0.0123 0.0761 0.144 -0.0154 -0.00608 -0.0248 

 
(0.0254) (0.0467) (0.0658) (0.00769) (0.0164) (0.0211) 

Class:  Lag z-Math -0.0126 0.0386 0.0373 -0.00342 0.0139 0.0189 

 
(0.0197) (0.0336) (0.0425) (0.00607) (0.0102) (0.0136) 

Class:  Lag z-Port -0.0287 -0.0760 -0.139 0.00432 -0.0116 0.00548 

 
(0.0183) (0.0338) (0.0421) (0.00600) (0.0105) (0.0129) 

Class: Household Income (omitted: <$350) 
  

  
   $350 - $885 0.0441 0.00481 0.0945 -0.0132 -0.00535 -0.0862 

 
(0.0460) (0.0916) (0.116) (0.0154) (0.0310) (0.0375) 

 >$885 -0.0411 -0.433 -0.458 -0.0380 -0.140 -0.200 

 
(0.0957) (0.201) (0.251) (0.0294) (0.0612) (0.0782) 

Class: Parent Education (omitted: < ES incomplete) 
  

  
  ES complete - MS incomplete 0.0821 0.0422 -0.0761 0.0164 0.0944 0.116 

 
(0.0799) (0.158) (0.196) (0.0234) (0.0538) (0.0648) 

MS complete - HS incomplete 0.0640 0.0699 0.114 0.0158 0.0948 0.175 

 
(0.0813) (0.169) (0.224) (0.0232) (0.0577) (0.0774) 

HS complete  -0.00795 0.0436 -0.0377 -0.0205 -0.00972 0.0489 

 
(0.0805) (0.161) (0.207) (0.0232) (0.0527) (0.0676) 

HE incomplete - Graduate Ed. -0.0837 -0.159 -0.267 0.0558 0.0844 0.0294 

 
(0.0961) (0.191) (0.235) (0.0301) (0.0658) (0.0850) 

N 16378 16378 16378 16378 16378 16378 
Note: Robust standard errors clustered at the cohort level in parentheses for models 1, 2, 4 and 5 (a cohort is the group of 
students who are enrolled in the same grade in the same school in the same school year); robust standard errors clustered 
at the level of simulated instrument cohort in parentheses for models 3 and 6 (the simulated cohort is the cohort the 
student would have experienced if he had advanced in the normal way and stayed at the same initial school). All 
estimates include: 1) year and grade fixed effects; 2) controls for teachers with MA and PhD instrumented at the 
simulated cohort level; 3) controls for the percentage of parents in the class who answered “I don’t know” for household 
income and parent education, instrumented by the simulated cohort.  
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5.5. Lag-Teacher Value Added 

Columns 3 and 6 of Table 7 show the estimates of the FE+IV SIM COH model for 

the variables ParentHome and ParentSchool in both subjects (Math and Portuguese). Results 

show that parent involvement at home is a substitute for better teachers. Math and Portuguese 

teachers with a higher lag-TVA cause parents to participate less at home and this effect is 

associated with a 20% and 17% of a standard deviation decrease in parent participation, 

respectively, if student achievement goes up by a standard deviation. 

Table 7. Effects of lag-TVA on Parent Participation     

 Parent Home Parent School  

 
(1) (2) (3) (4) (5) (6) 

 

FE  FE+IV 
COH 

FE+IV 
SIM COH FE  FE+IV 

COH 
FE+IV 

SIM COH 

lag-TVA - 
Math 

-0.0149 -0.139 -0.146 -0.0151 0.0111 0.00907 

(0.0502) (0.0641) (0.0673) (0.0192) (0.0265) (0.0277) 

N 6192 6192 6192 5144 5144 5144 

lag-TVA - 
Portuguese 

-0.0328 -0.0846 -0.119 0.0255 0.0245 0.0263 

(0.0465) (0.0545) (0.0566) (0.0183) (0.0241) (0.0259) 

N 6412 6412 6412 5368 5368 5368 
 Note: Robust standard errors clustered at the cohort level in parentheses for models 1, 2, 4 
and 5 (a cohort is the group of students who are enrolled in the same grade in the same 
school in the same school year); robust standard errors clustered at the level of simulated 
instrument cohort in parentheses for models 3 and 6 (the simulated cohort is the cohort the 
student would have experienced if he had advanced in the normal way and stayed at the 
same initial school). All estimates include year and grade fixed effects. 

 

5.6. Transition between models and endogeneity (FE; FE+IV COH; FE+IV SIM 

COH)  

For the significant results just described, and for most of the non-significant results as 

well, there is a considerable and consistent increase in the magnitude of the coefficients when 

going from the FE to the FE+IV COH approach and a less substantial increase when going 

from the FE+IV COH to FE+IV SIM COH methodology. The former sizeable increase 

indicates that most of the endogeneity is due to student placement within schools. Students 
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are being selected into classrooms or placed with teachers based on unobservable 

characteristics that also influence parental participation.  

Thinking about teacher value added, for example, the FE approach gives the effect of 

the teacher on the sort of families who like to choose that type of teacher, and it might be that 

the people who like to choose that kind of teacher are precisely the types who don’t allow the 

teacher to substitute for them. For instance, results of TVA show that that if the child gets a 

teacher with high TVA, parents reduce their effort. To better understand this result, assume 

there are two types of parents. The type whom, as soon as their child is in a classroom with a 

high TVA, the parent says: “wonderful, I can take a vacation”. And the other type of parent 

who is very motivated to always do homework with their child regardless of what classroom 

their child is in. If the latter type is also the parent who tries to place their child into the class 

with the high TVA, than the bias in the FE approach will be that too many parents will not 

react to that teacher. When the IV at the cohort level is added (FE+IV COH) this casual effect 

is eliminated and there is a strong reaction to the teacher, which is the true reaction, because 

it is not been biased by the fact that the people who select into that teacher’s classroom tend 

to be the under reactors.  

Therefore, the sort of parents who tries to get their child into the classroom with the 

teacher who has high value added is a parent who would not change their behavior as much. 

That is not a surprise, because parents who tries to get a specific teacher to their child tend to 

be the ones who are not going to “take a vacation” when their child gets a good teacher. 

Interpretation would be analogous for the other school inputs investigated.   

There are many possible sources of student sorting and the determination of its bias 

direction is not always obvious. Principals and teachers might also assign students to classes 

and teachers based on achievement and behavior patterns that are correlated with parental 

involvement.  
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Although the instrument at the cohort level takes care of most of the selection, there is 

still some endogeneity left, which is eliminated by the simulated instrument. As discussed in 

the empirical strategy section the simulated instrumental variable eliminates omitted variable 

biases caused by shocks correlated with parent participation. Idiosyncratic shocks might 

affect the results in both directions. For peers with parents who are more educated, for 

instance, the simulated instruments estimations are stronger than cohort instruments for the 

variable ParentSchool. This might be the result of potential sorting. If parents move to a 

poorer environment due to job loss, for example, students might be assigned to a school with 

fewer resources; in turn, the job loss might also cause parents to participate more in their 

child’s education since they have more time. In this case, peers and teachers would look 

linked to the parent contribution as substitute inputs, but it is really a third factor, 

unemployment, that causes both situations. Although both models show a positive 

relationship between parental help and peer quality, when the possible endogeneity is not 

considered, the effect looks less complementary than it really is.   

Another example where there is also a slight increase in magnitude between the two 

models is for peers with parents who have higher income. In this case, the FE+IV SIM COH 

estimations are negatively stronger than the FE+IV COH estimator. Health problems in the 

family is another shock that might cause parents to move to a poorer neighborhood because 

the family might need more resources and more time to take care of the sick member, causing 

parents to participate less in their child’s education. In this case peers and teachers would 

look linked to the parent contribution as complement inputs, undermining the true negative 

effect.  

Other sources of shocks such as changes at the school level, changes in family 

structure and parents’ marital status, or health problems, may be both correlated to parent 
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participation and allocation to school inputs. In such cases, the FE+IV COH estimate would 

be biased, as it would attribute the effect of the shock to school inputs. 

The fact that there is a less substantial increase in the magnitude of the results when 

going from the FE+IV COH to FE+IV SIM COH methodology indicates that there is not 

much to worry about. Those would be parents who would be moving and the FE+IV SIM 

COH approach shows that after the movers are eliminated, not that much really happens, 

suggesting that in fact there just aren’t enough movers for it to matter very much. The reason 

for implementing the simulated instrument is not that there is previously knowledge that they 

are needed but, instead, to make sure the movers won’t bias the analysis.  If no one moved 

around intentionally, then using the simulated cohort is not going to make much of a 

difference and there is no reason to worry about it too much. 

5.7. Summary of the results 

Table 8. Summary of the Results of the Effects of School Inputs on Parent 
Participation 

 
Participation at Home Participation at School 

Substitutes 

• More experienced teachers (>11 years)-
22%, 23%, 18% of a SD 
• Higher peer achievement (Portuguese)- 
20%  
• Higher standard deviation on Portuguese 
score-19% 
• Peers whose parents have more income 
(>$850)-64% 
• lag-TVA Math-20% 
• lag-TVA Portuguese-17% 

• Peers whose parents have 
more income ($350-$850; 
>$850)-37% and 83% of a SD  

Complements • Peers whose parents have 
more education (1st two 
categories)-48%, 72% 

 

This analysis shows that parents act always as substitutes at home.  It is reasonable to 

think that parents see better teachers and peers as better resources and respond by 

participating less in their child’s education.  
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Parents act as substitutes for peers whose parents have more income, at home and at 

school. This result is very large in magnitude. It is possible that parents feel less of a need to 

help their kids when the kids have better peers, believing that students already have all the 

support they need from the peers.  

Parents participate more in the school activities when the peers have more educated 

parents. As pointed out by Hanushek (1992), there might be spillovers in  “public time” spent 

by parents. For example, in classes with a higher proportion of more educated parents, 

education might be more valued by parents, thereby creating an environment of valorization 

of parental participation, and increased parental effort. Parents might value their “public 

time” even more by socializing with the more educated parents.  

6. Discussion and Conclusion 

Despite the large number of empirical studies estimating the importance of parents in 

education production functions, few researchers have attempted to account for the potential 

interactions between school inputs and parents. These interactions, such as households re-

optimizing their behavior in response to school policies, have direct implications for the 

implementation and evaluation of education policies.  Researchers may have failed to find 

significant impact of school resources on achievement by neglecting substitution effects from 

parents. While increasing resources may improve school quality, if parents respond by 

reducing effort, the estimated effects of resources will likely be biased downward.  

This paper contributes to the literature in that it is the first to investigate how parents 

respond to peer and teacher quality. Overall, results for parent participation at home show 

that parents are substitutes for the school inputs investigated here. Parents respond negatively 

to more experienced teachers, higher Portuguese peer achievement, peers whose parents have 

higher income and higher teacher value added, both for math and Portuguese. On the other 

hand, parents respond positively to a class with higher standard deviations in Portuguese, 
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which also indicates substitutability. Parent participation at the school level can vary 

according to the input analyzed. As at home, they substitute for peers whose parents have 

more income, but they complement peers whose parents have more education.  

Three main takeaways can be drawn from these results. First, parents do, in fact, 

respond to the school inputs investigated here. Although other studies have shown that 

parents respond to class size and school expenditure (Das et al. 2013, Fredriksson 2014, Kim 

2001, Bonesronning 2004, Datar and Mason 2008, Houtenville and Conway 2008), this paper 

contributes to the literature by showing that parents respond to different teachers and peer 

characteristics.  

Second, parents mostly substitute for the inputs investigated here: parents act always 

as substitutes at home, while at school they substitute for for peers whose parents have more 

income, and complement peers whose parents have more education. As pointed by Hanisheck 

(1992), the later result might indicate the existence of spillovers in  “public time” spent by 

parents.  

Third, the magnitude of parent participation can vary according to the input being 

investigated. Parents seem to react more to peers than to teachers’ years of experience, for 

example. The effect of teacher experience ranges from 18% to 23% of a standard deviation in 

parent participation compared to 64% of a standard deviation for peer household income or 

48% to 74% for peers whose parents have more education.  

Although these results are far from exhaustive, they have important implications for 

policy and further research. Studies that fail to account for parent participation as a time-

variant variable in the education production function are likely to be biased. Moreover, policy 

makers can take into consideration parent substitutability and complementarity when 

planning, implementing and assessing the effect of educational policies. Policy makers may 
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also want to focus on measures to increase parent participation while increasing government 

provisions.  

 It is vital to conduct further research on the different dimensions of parental 

involvement and their relationship with school environments. However, it remains 

challenging to satisfactorily model and identify these relationships mainly because very little 

data on parent participation exists. Available data sets usually do not link students, teachers, 

school or household information; they contain little evidence of parental effort, and lack the 

identification of “surprises” in the provision of inputs. An ideal data set would contain all the 

above information and would follow students of different ages and grades longitudinally. 

Such data collection would allow for a deeper investigation of the relationship between 

parents and school inputs as well as other educational policy innovations and (Das et al. 

2013).  
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8. Appendix A 
 

Table A.1. Transition Matrix - Parent home participation variable - ParentHome 
      t + 1 (2010)     

 
  Disagree I Don't Know Agree in Part Strongly Agree Total 

 
Disagree 42 9 81 57 189 

 
  22.22% 4.76% 42.86% 30.16% 

 t I Don't Know 14 6 20 24 64 
(2009)   21.88% 9.38% 31.25% 37.50% 

 
 

Agree in Part 183 30 937 672 1822 

 
  10.04% 1.65% 51.43% 36.88% 

 
 

Strongly Agree 259 57 1771 4027 6114 

 
  4.24% 0.93% 28.97% 65.87% 

   Total 498 102 2809 4780 8189 
    6.08% 1.25% 34.30% 58.37% 100% 

 
 

Table A.2. Descriptive Statistics for lag-TVA - Aggregated Residuals Model 

 
 

Parent Home 
 

Parent School  

 
N Mean SD Min Max N Mean SD Min Max 

lag-TVA - 
Math 6192 0.001 0.276 -1.492 1.170 5144 -0.001 0.270 -1.492 1.170 

lag-TVA - 
Portuguese 6412 0.004 0.274 -1.136 1.695 5368 -0.003 0.272 -1.136 1.175 

                      
 

Table A.3. Effects of lag-TVA on Parent Participation - Aggregated 
Residuals Model 

 Parent Home Parent School  

 
(1) (2) (3) (4) (5) (6) 

 

FE  FE+IV 
COH 

FE+IV 
SIM COH FE  FE+IV 

COH 
FE+IV 

SIM COH 

lag-TVA - 
Math 

-0.0289 -0.0993 -0.0966 0.00335 0.0128 0.0124 

(0.0320) (0.0422) (0.0447) (0.0126) (0.0156) (0.0163) 

N 6192 6192 6192 5144 5144 5144 

lag-TVA - 
Portuguese 

-0.0254 -0.0576 -0.0675 0.0202 0.0160 0.0151 

(0.0309) (0.0348) (0.0354) (0.0112) (0.0139) (0.0144) 

N 6412 6412 6412 5368 5368 5368 
 Note: Robust standard errors clustered at the cohort level in parentheses for models 1, 2, 4 
and 5 (a cohort is the group of students who are enrolled in the same grade in the same 
school in the same school year); robust standard errors clustered at the level of simulated 
instrument cohort in parentheses for models 3 and 6 (the simulated cohort is the cohort the 
student would have experienced if he had advanced in the normal way and stayed at the 
same initial school). All estimates include year and grade fixed effects.  
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Table A.4. First Stage Regressions - Cohort (equations 2 and 3) - Part I 

 

Teach 
Spec. 

Teach. 6-10 
years exp. 

Teach. 11-15 
years exp. 

Teach. 16-20 
years exp. 

Teach. >15 
years exp. 

% Teacher Education at the cohort (omitted: BA) 
 Specialization 1.032 0.0181 0.0167 0.0172 -0.0523 

 
(0.0133) (0.00907) (0.0107) (0.0113) (0.0141) 

% Teacher Experience at the cohort (omitted: < 5 year) 
 6 to 10 years -0.0421 1.003 -0.00799 0.0142 0.0124 

 
(0.0241) (0.0238) (0.0245) (0.0227) (0.0264) 

11 to 15 years -0.0400 0.0351 1.049 -0.00112 -0.0294 

 
(0.0238) (0.0215) (0.0258) (0.0219) (0.0293) 

16 to 20 years -0.0274 0.00128 0.0446 0.970 0.0205 

 
(0.0237) (0.0180) (0.0245) (0.0221) (0.0272) 

 > 20 years -0.0254 0.0177 0.00811 -0.00543 1.010 

 
(0.0224) (0.0180) (0.0244) (0.0192) (0.0237) 

Cohort: SD Lag z-
Math 0.00496 0.0315 0.0461 -0.0579 0.00263 

 
(0.0273) (0.0220) (0.0250) (0.0275) (0.0298) 

Cohort: SD Lag z-
Port -0.0255 -0.0480 -0.0498 -0.00647 0.0709 

 
(0.0246) (0.0188) (0.0212) (0.0228) (0.0246) 

Cohort:  Lag z-
Math -0.00557 0.0151 -0.0377 0.0237 -0.0165 

 
(0.0189) (0.0158) (0.0163) (0.0188) (0.0189) 

Cohort:  Lag z-
Port 0.0192 -0.00399 0.0477 -0.0331 0.00474 

 
(0.0166) (0.0126) (0.0153) (0.0162) (0.0177) 

Cohort: Household Income (omitted: <$350) 
   $350 - $885 -0.0286 -0.0425 0.113 -0.0542 0.0422 

 
(0.0509) (0.0440) (0.0431) (0.0530) (0.0561) 

 >$885 0.118 0.104 0.0759 -0.0591 -0.141 

 
(0.0981) (0.0743) (0.0946) (0.0953) (0.131) 

Cohort: Parents Education (omitted: < ES incomplete) 
 ES complete - MS 

incomplete 0.147 0.00523 -0.0416 0.0574 -0.00639 

 
(0.0809) (0.0643) (0.0765) (0.0850) (0.0986) 

MS complete - HS 
incomplete -0.0177 0.0405 -0.0581 -0.122 0.105 

 
(0.0902) (0.0764) (0.0831) (0.0856) (0.101) 

HS complete  0.00478 0.0270 -0.151 0.0843 0.0859 

 
(0.0834) (0.0705) (0.0744) (0.0813) (0.0982) 

HE incomplete - 
Graduate Ed. -0.0944 -0.152 -0.106 0.116 0.0853 

 
(0.101) (0.0799) (0.0952) (0.0962) (0.119) 

N 16378 16378 16378 16378 16378 
F (19, 1276)   364.76 173.6 246.65 306.03 577.02 
Note: Robust standard errors clustered at the cohort level are in parentheses (a cohort is the 
group of students who are enrolled in the same grade in the same school in the same school 
year). All estimates include: 1) year and grade fixed effects; 2) controls for teachers with MA 
and PhD instrumented at the simulated cohort level; 3) controls for the percentage of parents in 
the class who answered “I don’t know” for household income and parents education, 
instrumented by the simulated cohort.  
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Table A.5. First Stage Regressions - Cohort (equations 2 and 3) - Part II 
  Class: SD 

Lag z-Math 
Class: SD 
Lag z-Port 

Class:  Lag 
z-Math 

Class:  
Lag z-Port 

 

% Teacher Education at the cohort (omitted: BA) 
  Specialization 0.0153 0.0139 0.0185 0.0376 

 
(0.0110) (0.0103) (0.0147) (0.0137) 

 % Teacher Experience at the cohort (omitted: < 5 year) 
  6 to 10 years -0.0400 -0.00768 -0.0748 -0.0338 

 
 

(0.0212) (0.0225) (0.0298) (0.0319) 
 11 to 15 years -0.0234 -0.000225 -0.0303 -0.00268 
 

 
(0.0209) (0.0236) (0.0298) (0.0308) 

 16 to 20 years -0.0351 0.0212 -0.0275 0.0106 
 

 
(0.0189) (0.0224) (0.0247) (0.0255) 

  > 20 years -0.0382 0.0189 -0.0595 -0.0335 
 

 
(0.0187) (0.0217) (0.0237) (0.0253) 

 Cohort: SD Lag z-Math 0.993 0.0125 -0.0307 -0.0315 
 

 
(0.0249) (0.0237) (0.0315) (0.0300) 

 Cohort: SD Lag z-Port 0.0404 0.937 0.0327 -0.00249 
 

 
(0.0239) (0.0228) (0.0295) (0.0270) 

 Cohort:  Lag z-Math 0.0448 0.0411 1.056 0.0817 

 
(0.0188) (0.0177) (0.0235) (0.0202) 

 Cohort:  Lag z-Port -0.0456 -0.0492 -0.0758 0.908 
 

 
(0.0157) (0.0149) (0.0205) (0.0184) 

 Cohort: Household Income (omitted: <$350) 
    $350 - $885 0.0609 -0.0127 0.0779 0.0575 

 
 

(0.0524) (0.0392) (0.0615) (0.0618) 
  >$885 0.00448 -0.0251 0.0947 0.113 
 

 
(0.108) (0.0969) (0.136) (0.136) 

 Cohort: Parent Education (omitted: < ES incomplete) 
  ES complete - MS incomplete 0.00250 0.147 0.00216 -0.199 

 
 

(0.0779) (0.0732) (0.0893) (0.0908) 
 MS complete - HS incomplete -0.0767 0.0892 -0.0840 -0.115 
 

 
(0.0860) (0.0765) (0.0977) (0.0921) 

 HS complete  -0.00474 0.152 -0.0507 -0.0919 
 

 
(0.0750) (0.0718) (0.0903) (0.0969) 

 HE incomplete - Graduate Ed. 0.0322 0.138 -0.130 -0.286** 
 

 
(0.0939) (0.0931) (0.119) (0.125) 

 N 16378 16378 16378 16378 
 F (19, 1276)   161.76 146.79 255.38 338.79 
 Note: Robust standard errors clustered at the cohort level are in parentheses (a cohort is the 

group of students who are enrolled in the same grade in the same school in the same school 
year). All estimates include: 1) year and grade fixed effects; 2) controls for teachers with MA 
and PhD instrumented at the simulated cohort level; 3) controls for the percentage of parents in 
the class who answered “I don’t know” for household income and parents education, 
instrumented by the simulated cohort.  
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Table A.6. First Stage Regressions - Cohort (equations 2 and 3) - Part III 
 Class: Hous. 

Inc.  $350 - 
$885 

Class: Hous. 
Inc.  >$885 

Class: Par. 
Educ ES 
compl. - 
MS inc. 

Class: Par. 
Educ MS 
compl. - HS 
inc. 

Class: Par. 
Educ HS 
compl. 

Class: Par. 
Educ HE 
inc - Grad 
Ed. 

% Teacher Education at the cohort (omitted: BA) 
  Specialization -0.00464 0.00190 -0.00424 0.0103 -0.00874 0.00553 

 
(0.00467) (0.00218) (0.00361) (0.00382) (0.00388) (0.00274) 

% Teacher Experience at the cohort (omitted: < 5 year) 
  6 to 10 years 0.0135 0.00710 -0.00149 -0.00363 -0.0147 0.0180 

 
(0.00973) (0.00444) (0.00842) (0.00820) (0.00847) (0.00582) 

11 to 15 years 0.0118 0.00113 0.00647 -0.0119 -0.00115 0.0112 

 
(0.0103) (0.00507) (0.00859) (0.00765) (0.00936) (0.00594) 

16 to 20 years 0.000895 -0.00138 -0.0000320 0.00219 -0.0125 0.0208 

 
(0.00886) (0.00414) (0.00734) (0.00665) (0.00817) (0.00527) 

 > 20 years 0.000723 -0.00111 0.00448 0.00762 -0.0164 0.0138 

 
(0.00862) (0.00417) (0.00731) (0.00672) (0.00809) (0.00541) 

Cohort: SD 
Lag z-Math 0.00109 -0.0000761 0.0247 -0.00214 -0.00518 -0.0113 

 
(0.00942) (0.00418) (0.00834) (0.00803) (0.00884) (0.00544) 

Cohort: SD 
Lag z-Port 0.00998 -0.00569 0.00544 -0.0235 0.00800 0.00350 

 
(0.00938) (0.00368) (0.00817) (0.00752) (0.00851) (0.00504) 

Cohort:  Lag z-
Math -0.000881 0.00196 -0.0127 0.00357 0.00819 0.00472 

 
(0.00690) (0.00259) (0.00606) (0.00544) (0.00668) (0.00313) 

Cohort:  Lag z-
Port -0.00857 0.000829 0.00619 0.00132 -0.0119 -0.00324 

 
(0.00583) (0.00241) (0.00543) (0.00463) (0.00558) (0.00327) 

Cohort: Household Income (omitted: <$350) 
   $350 - $885 1.034 -0.00449 0.00496 -0.0221 0.0143 0.00752 

 
(0.0175) (0.00738) (0.0146) (0.0160) (0.0156) (0.00972) 

 >$885 -0.0332 1.008 0.0163 -0.0365 0.0244 0.0131 

 
(0.0391) (0.0179) (0.0337) (0.0342) (0.0372) (0.0291) 

Cohort: Parent Education (omitted: < ES incomplete) 
  ES complete - 

MS incomplete -0.0662 -0.00518 1.033 -0.0432 0.0165 0.00463 

 
(0.0316) (0.0106) (0.0271) (0.0247) (0.0287) (0.0156) 

MS complete - 
HS incomplete -0.0984 -0.00706 0.0207 0.937 0.0148 -0.00575 

 
(0.0331) (0.0116) (0.0280) (0.0283) (0.0301) (0.0160) 

HS complete  -0.115 -0.00611 0.0466 -0.0670 0.985 0.0120 

 
(0.0324) (0.0117) (0.0279) (0.0259) (0.0292) (0.0170) 

HE incomplete 
- Graduate Ed. -0.0723 -0.0390 0.0268 0.00808 -0.00437 0.967 

 
(0.0390) (0.0154) (0.0327) (0.0325) (0.0381) (0.0243) 

N 16378 16378 16378 16378 16378 16378 
F (19, 1276)    263.69 205.89 211.26 201.59 217.37 183.83 
Note: Robust standard errors clustered at the cohort level are in parentheses (a cohort is the group of 
students who are enrolled in the same grade in the same school in the same school year). All estimates 
include: 1) year and grade fixed effects; 2) controls for teachers with MA and PhD instrumented at the 
simulated cohort level; 3) controls for the percentage of parents in the class who answered “I don’t 
know” for household income and parents education, instrumented by the simulated cohort.  
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Table A.7. First Stage Regressions - Simulated Cohort (equations 5 and 6) - Part I 

  

Teach 
Spec. 

Teach. 6-10 
years exp. 

Teach. 11-
15 years 
exp. 

Teach. 16-
20 years 
exp. 

Teach. >15 
years exp. 

 

% Teacher Education at the simulated cohort (omitted: BA) 
  Specialization 0.851 -0.00962 0.0366 0.00103 -0.0452 

 
 

(0.0199) (0.0128) (0.0144) (0.0134) (0.0174) 
 % Teacher Experience at the simulated cohort (omitted: < 5 year) 

  6 to 10 years -0.0542 0.755 -0.0604 -0.0133 0.0511 
 

 
(0.0374) (0.0330) (0.0288) (0.0282) (0.0322) 

 11 to 15 years 0.0106 0.0247 0.798 -0.0463 -0.0254 
 

 
(0.0349) (0.0230) (0.0298) (0.0266) (0.0327) 

 16 to 20 years -0.0461 -0.0218 -0.00129 0.803 -0.0307 
 

 
(0.0355) (0.0213) (0.0269) (0.0284) (0.0296) 

  > 20 years -0.0157 -0.0153 -0.0556 -0.0625 0.875 
 

 
(0.0335) (0.0209) (0.0263) (0.0251) (0.0291) 

 Cohort: SD Lag z-Math 0.0373 0.0850 0.0235 -0.0887 -0.0514 
 

 
(0.0310) (0.0258) (0.0282) (0.0295) (0.0337) 

 Cohort: SD Lag z-Port 0.0107 -0.0646 -0.0453 0.0282 0.0689 
 

 
(0.0315) (0.0250) (0.0279) (0.0272) (0.0342) 

 Cohort:  Lag z-Math -0.0193 0.0347 -0.0397 0.0141 -0.00856 
 

 
(0.0226) (0.0178) (0.0197) (0.0189) (0.0236) 

 Cohort:  Lag z-Port 0.0319 0.00408 0.0546 -0.0198 -0.00150 
 

 
(0.0207) (0.0150) (0.0195) (0.0173) (0.0236) 

 Cohort: Household Income (omitted: <$350) 
   $350 - $885 0.0612 -0.0413 0.140 0.0426 -0.0677 

 
 

(0.0668) (0.0518) (0.0584) (0.0656) (0.0790) 
  >$885 0.266 -0.00624 0.262 0.0364 -0.273 
 

 
(0.142) (0.0916) (0.119) (0.115) (0.169) 

 Cohort: Parents Education (omitted: < ES incomplete) 
  ES complete - MS incomplete 0.289 0.00618 -0.200 -0.0477 0.169 

 
 

(0.103) (0.0801) (0.0884) (0.0935) (0.121) 
 MS complete - HS incomplete -0.00259 0.0307 -0.117 -0.110 0.0116 
 

 
(0.118) (0.0872) (0.109) (0.0940) (0.123) 

 HS complete  0.00797 -0.0378 -0.261 0.0767 0.134 
 

 
(0.108) (0.0738) (0.0929) (0.0910) (0.116) 

 HE incomplete - Graduate Ed. -0.0334 -0.142 -0.160 0.0322 0.151 
 

 
(0.137) (0.0961) (0.121) (0.111) (0.148) 

 N 16378 16378 16378 16378 16378 
 F (19,1656)   112.67 46.86 85.71 118.01 202.04 
 Note: Robust standard errors clustered at the level of simulated instrument cohort are in parentheses  

(the simulated cohort is the cohort the student would have experienced if he had advanced in the normal 
way and stayed at the same initial school). All estimates include: 1) year and grade fixed effects; 2) 
controls for teachers with MA and PhD instrumented at the simulated cohort level; 3) controls for the 
percentage of parents in the class who answered “I don’t know” for household income and parents 
education, instrumented by the simulated cohort.  
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Table A.8. First Stage Regressions - Simulated Cohort (equations 5 and 6) - 
Part II 
  Class: SD 

Lag z-
Math 

Class: SD 
Lag z-Port 

Class:  
Lag z-
Math 

Class:  Lag 
z-Port 

  

% Teacher Education at the simulated cohort (omitted: BA) 
   Specialization 0.00591 0.00178 -0.00931 -0.00550 

  
 

(0.0128) (0.0136) (0.0236) (0.0217) 
  % Teacher Experience at the simulated cohort (omitted: < 5 year) 

   6 to 10 years 0.00802 0.0408 0.0406 0.0745 
  

 
(0.0254) (0.0282) (0.0402) (0.0442) 

  11 to 15 years 0.0149 0.0222 0.102 0.0929 
  

 
(0.0242) (0.0279) (0.0392) (0.0421) 

  16 to 20 years -0.00898 0.0560 0.0677 0.0743 
  

 
(0.0222) (0.0268) (0.0372) (0.0386) 

   > 20 years 0.00515 0.0382 0.0246 0.0398 
  

 
(0.0228) (0.0263) (0.0364) (0.0389) 

  Cohort: SD Lag z-Math 0.770 -0.0393 0.0736 0.0360 
  

 
(0.0280) (0.0294) (0.0492) (0.0444) 

  Cohort: SD Lag z-Port 0.0601 0.737 0.0946 0.0555 
  

 
(0.0261) (0.0304) (0.0537) (0.0520) 

  Cohort:  Lag z-Math 0.106 0.0291 0.761 -0.0725 
  

 
(0.0193) (0.0209) (0.0399) (0.0344) 

  Cohort:  Lag z-Port -0.0324 0.0366 -0.00220 0.821 
  

 
(0.0175) (0.0198) (0.0343) (0.0333) 

  Cohort: Household Income (omitted: <$350) 
    $350 - $885 0.0108 -0.0714 0.249 0.193 

  
 

(0.0639) (0.0550) (0.107) (0.102) 
   >$885 0.184 0.0932 -0.121 -0.0112 
  

 
(0.130) (0.130) (0.250) (0.235) 

  Cohort: Parent Education (omitted: < ES incomplete) 
   ES complete - MS incomplete 0.0221 0.0719 0.144 -0.204 

  
 

(0.0887) (0.0896) (0.151) (0.148) 
  MS complete - HS incomplete -0.122 -0.143 0.000436 -0.00435 
  

 
(0.0950) (0.102) (0.163) (0.152) 

  HS complete  0.0132 -0.0785 -0.188 -0.251 
  

 
(0.0862) (0.0910) (0.159) (0.151) 

  HE incomplete - Graduate Ed. 0.134 -0.111 -0.254 -0.329 
  

 
(0.118) (0.125) (0.204) (0.196) 

  N 16378 16378 16378 16378 
  F (19,1656)   159.7 155.44 235.42 319.52 
  Note: Robust standard errors clustered at the level of simulated instrument cohort are in 

parentheses  (the simulated cohort is the cohort the student would have experienced if he 
had advanced in the normal way and stayed at the same initial school). All estimates 
include: 1) year and grade fixed effects; 2) controls for teachers with MA and PhD 
instrumented at the simulated cohort level; 3) controls for the percentage of parents in the 
class who answered “I don’t know” for household income and parents education, 
instrumented by the simulated cohort.  
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Table A.9. First Stage Regressions - Simulated Cohort (equations 5 and 6) - Part III 
  Class: 

Hous. Inc.  
$350 - 
$885 

Class: 
Hous. Inc.  
>$885 

Class: Par. 
Educ ES 
compl. - 
MS inc. 

Class: Par. 
Educ MS 
compl. - 
HS inc. 

Class: 
Par. Educ 
HS 
compl. 

Class: Par. 
Educ HE inc 
- Grad Ed. 

 

% Teacher Education at the simulated cohort (omitted: BA) 
   Specialization -0.00413 0.000467 -0.00989 0.0137 -0.00725 0.000513 

 
 

(0.00551) (0.00265) (0.00424) (0.00436) (0.00444) (0.00350) 
 % Teacher Experience at the simulated cohort (omitted: < 5 year) 

   6 to 10 years 0.0197 0.0131 -0.0205 0.00387 -0.00718 0.0254 
 

 
(0.0104) (0.00493) (0.00978) (0.00959) (0.00887) (0.00617) 

 11 to 15 years 0.00895 0.00602 -0.0114 0.00156 -0.00638 0.0187 
 

 
(0.0102) (0.00496) (0.00981) (0.00921) (0.00874) (0.00624) 

 16 to 20 years -0.00130 -0.000315 -0.0154 0.00852 -0.0118 0.0202 
 

 
(0.00953) (0.00446) (0.00883) (0.00842) (0.00846) (0.00609) 

  > 20 years -0.000842 0.00106 -0.00918 0.0153 -0.0194 0.0158 
 

 
(0.00897) (0.00443) (0.00875) (0.00841) (0.00819) (0.00599) 

 Cohort: SD Lag z-Math -0.00265 0.00846 0.0272 -0.00370 -0.0102 0.00613 
 

 
(0.0111) (0.00494) (0.00960) (0.00873) (0.00970) (0.00640) 

 Cohort: SD Lag z-Port 0.0204 -0.0125 -0.000781 -0.0151 0.0106 0.00380 
 

 
(0.0112) (0.00468) (0.0101) (0.00877) (0.0105) (0.00697) 

 Cohort:  Lag z-Math 0.00235 -0.00756 -0.00285 0.00314 0.00452 -0.0114 
 

 
(0.00751) (0.00306) (0.00692) (0.00613) (0.00691) (0.00404) 

 Cohort:  Lag z-Port -0.0145 0.00266 0.0000104 -0.00195 -0.00317 -0.00187 
 

 
(0.00690) (0.00329) (0.00661) (0.00543) (0.00638) (0.00420) 

 Cohort: Household Income (omitted: <$350) 
     $350 - $885 0.937 -0.0109 -0.0145 -0.0186 0.0201 -0.00500 

 
 

(0.0242) (0.0104) (0.0218) (0.0215) (0.0212) (0.0161) 
  >$885 -0.0351 0.846 0.0885 -0.0268 -0.0153 -0.0499 
 

 
(0.0508) (0.0259) (0.0467) (0.0415) (0.0453) (0.0407) 

 Cohort: Parent Education (omitted: < ES incomplete) 
    ES complete - MS incomplete -0.124 0.0198 0.869 -0.0425 -0.0262 0.0358 

 
 

(0.0374) (0.0136) (0.0357) (0.0314) (0.0344) (0.0187) 
 MS complete - HS incomplete -0.113 0.00242 0.00838 0.751 -0.0467 0.0323 
 

 
(0.0391) (0.0157) (0.0352) (0.0358) (0.0381) (0.0214) 

 HS complete  -0.156 0.0171 0.0341 -0.0982 0.785 0.0382 
 

 
(0.0352) (0.0146) (0.0318) (0.0317) (0.0350) (0.0219) 

 HE incomplete - Graduate Ed. -0.0982 -0.0508 0.0120 -0.0185 -0.0257 0.822 
 

 
(0.0489) (0.0214) (0.0397) (0.0406) (0.0459) (0.0329) 

 N 16378 16378 16378 16378 16378 16378 
 F(19, 1656)   267.78 214.46 211.72 205.14 210.56 180.38 
 Note: Robust standard errors clustered at the level of simulated instrument cohort are in parentheses  (the simulated cohort is 

the cohort the student would have experienced if he had advanced in the normal way and stayed at the same initial school). 
All estimates include: 1) year and grade fixed effects; 2) controls for teachers with MA and PhD instrumented at the 
simulated cohort level; 3) controls for the percentage of parents in the class who answered “I don’t know” for household 
income and parents education, instrumented by the simulated cohort. 
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Table A.10. First Stage Regressions lag-TVA  (equations 3.1 and 6.1) 
- Teacher Fixed Effect Approach 

 Parent Home Sample Parent School Sample 

 
Math Portuguese Math Portuguese 

 
lag-TVA  lag-TVA  lag-TVA  lag-TVA  

(1) lag-
TVA - 
Cohort  

1.013 1.008 1.006 1.008 

(0.0105) (0.0122) (0.0118) (0.0134) 

N 6192 6412 5144 5368 

F 
F (1, 1042) = 

9325.85 
F (1, 1059) = 

6841.13 
F (1, 968) = 

7290.72 
F(1, 982) = 

5681.39 

(2) lag-
TVA - Sim. 
Cohort  

0.968 0.982 0.958 0.980 

(0.0127) (0.0138) (0.0137) (0.0148) 

N 6192 6412 5144 5368 

F 
 F (1, 1162) = 

5812.67 
F (1, 1182) = 

5094.81 
F (1, 1075) = 

4860.65 
F (1, 1092) = 

4380.49 
Note: Robust standard errors clustered at the cohort level in parentheses for models 1 
and 3 (a cohort is the group of students who are enrolled in the same grade in the 
same school in the same school year); robust standard errors clustered at the level of 
simulated instrument cohort in parentheses for models 2 and 5 (the simulated cohort 
is the cohort the student would have experienced if he had advanced in the normal 
way and stayed at the same initial school). All estimates include year and grade fixed 
effects.  
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Table A.11. First Stage Regressions lag-TVA  (equations 3.1 and 6.1) 
- Aggregated Residualt Approach 

 Parent Home Sample Parent School Sample 

 
Math Portuguese Math Portuguese 

 
lag-TVA  lag-TVA  lag-TVA  lag-TVA  

(1) lag-
TVA - 
Cohort  

1.016 1.016 1.015 1.013 

(0.0138) (0.0141) (0.0151) (0.0151) 

N 6192 6412 5144 5368 

F 
 F (1, 1042) = 

5452.26 
F(1, 1059) = 

5190.70 
F (1, 968) = 

4523.23 
 F (1, 982) = 

4523.59 

(2) lag-
TVA - Sim. 
Cohort  

1.005 1.015 0.998 1.010 

(0.0151) (0.0154) (0.0167) (0.0164) 

N 6192 6412 5144 5368 

F 
F ( 1, 1162) = 

4427.17 
F (1, 1182) = 

4342.73 
F (1, 1075) = 

3571.08 
 F (1, 1092) 
= 3790.24 

Note: Robust standard errors clustered at the cohort level in parentheses for models 1 
and 3 (a cohort is the group of students who are enrolled in the same grade in the 
same school in the same school year); robust standard errors clustered at the level of 
simulated instrument cohort in parentheses for models 2 and 5 (the simulated cohort 
is the cohort the student would have experienced if he had advanced in the normal 
way and stayed at the same initial school). All estimates include year and grade fixed 
effects.   

 
 
 
 
 
 
 
 
 
 
 


