
Estimating the effect of selection on educational inequality. 

A flexible approach using TREES. 

 
Daniel Horn; Chiara Masci; Fritz Schiltz 

 

Introduction & Literature 

 

In many countries, policies that aim at increasing school choice are at centre of the public debate. The 

theoretical reasons behind such policies rely on the assumption that schools have different productivity (Hoxby, 

2003); in particular, some of them are able to produce more educational outputs (for instance, higher completion 

rates or students’ scores in standardized tests) for unit of inputs used (for instance, cost per student or 

students:teachers ratios). Also, schools are often free to determine their own set of inputs, as for instance 

teachers’ quality and quantities, or the amount and type of extracurricular activities; this condition is conducive 

to different dimensions that are relevant for parents to choose their preferred school. More generally, it is now 

widely accepted that parents actively decide the specific schools for their kids – along a series of their 

characteristics (Goldring & Shapira, 1993; Bosetti, 2004; Goldring & Phillips, 2008; Raty, 2013).  

For the choice behaviour of parents to be reasonable, the effectiveness of schools in influencing 

students’ results must be verified. Specifically, a “school-effect” on academic results should be estimated, that 

takes in consideration the independent impact of attending a specific school, net of students’ own characteristics 

and other factors not related with the school itself (see the discussion in Raudenbush & Willms, 1995). This 

effect should result different across schools, i.e. institutions must turn out to be different in their effectiveness: 

otherwise, choosing between different schools would be meaningless. Moving from these considerations, a wide 

literature is devoted to empirical analyses that demonstrate the effect of attending a specific school on students’ 

outcomes, using a variety of methods. Two main strands are particularly diffused among scholars who use 

quantitative methods: (i) an approach based on Education Production Functions (EPFs) – see Hanushek (1995); 

Levacic and Vignoles (2002) and Woessmann (2005), and (ii) a group of studies that use multilevel 

(hierarchical) statistical models, aiming at disentangling variability of output measures between and within 

schools – see Raudenbush (1989), Rumberger (1995) and Rashbash et al., (2010).  

Hungary is an obvious choice for a test of the effect of selection on educational inequality. Firstly, 

inequality of opportunity in the Hungarian education system is especially high. The variance in reading 

performance explained by family factors was the highest among all PISA participant countries in 2009 (OECD 

2010). In other words family matters a lot in how students perform in schools.  

Secondly, the education system is rather selective. On the primary level, there is free school choice, 

which, coupled with the declining demographic trends, leads to substantial differences  between the composition 

of schools. On the secondary level, there is early selection: the system selects children first at age 10. It has not 

always been like that. Before 1989 the system was a typical “soviet” system, with 8 years of general training and 

three types of secondary tracks, where students could study after age 14. There were three tracks (two vocational 

and one academic) among which the students could choose. While these three tracks continue to exist today, 

there are two additional types of academic tracks, the 8-year-long and the 6-year-long academic tracks which 

select at age 10 and age 12 increasing the segregation of the system (Horn, 2013). 



While the large compositional difference between schools in Hungary is well documented, less is 

known about the degree of selection within schools/across classes. How much do they contribute to the peer 

group differences? To put it differently, we know little about the contribution of class to the overall segregation 

of the system. And note that classes are rather fixed in Hungary, where class is defined as a group of students 

studying together for most of their schooling hours. While in some countries classes are flexible – student sit 

with different peers in different subjects – most schools in Hungary have fixed classes, where students stay with 

their allocated 20 to 30 classmates for most of the subjects. Thus in this analysis we look at how much class and 

school level separately contributes to the degree of segregation in the Hungarian lower secondary education 

system. 

 

Methodology 

 

In the empirical work, we follow an approach based on statistical multilevel techniques, but innovate it by 

proposing the use of Classification And Regression Tree (CART) analysis in this context (including the 

specification of Regression Forests), coupled with a more traditional estimation of a hierarchical model as a 

matter of comparison. The method that we propose has the key advantage of disentangling test scores’ variability 

between and within schools, and also between and within classes inside the schools themselves; this way, the 

effect of class/school is estimated and can be interpreted as only explaining the variability at the corresponding 

level of analysis. Another key advantage of using CART is to relax the standard assumptions about the linear 

relationship between covariates and outputs, allowing instead for a more flexible specification. Furthermore, 

simple linear models do not take into account possible interaction between the covariates. These aspects may 

represent a limit of the model and therefore, we propose here an alternative method that relaxes the linearity 

assumption and allows for interactions between the variables. It consists of a multilevel model where the linear 

fixed part is replaced by a tree (Multilevel tree, see Sela and Simonoff, 2012 ). The model becomes as follows: 

𝑦𝑖𝑙𝑗 = 𝑓(𝑥𝑘𝑖𝑙𝑗) +  𝑏𝑗 +  𝑢𝑙𝑗 + 𝜀𝑖𝑙𝑗  

𝑏 ~ 𝑁(0, 𝜎2
𝑏) , 𝑢 ~ 𝑁(0, 𝜎2

𝑢)  𝑎𝑛𝑑 𝜀 ~ 𝑁(0, 𝜎2
𝜀)  

For the i-th student, within the u-th class, in the j-th school. 

 

We apply this methodology to our Hungarian sample (2010/2011), consisting of 65,960 students, within 

4,380 classes, within 2,818 schools drawn from The National Assessment of Basic Competencies (NABC), a 

standard based assessment designed similarly to the OECD PISA survey, but conducted annually in May. It 

measures reading and mathematical literacy of the 6
th

, 8
th

 and 10
th

 grade students and it is standardized to a mean 

of 1500 with standard deviation of 200. Although the scores are standardized, for the sake of easier interpretation 

we ‘zero-standarized’ the test scores – mean of 0 with standard deviation 1 – so that the coefficients in the linear 

models reflect standard deviation changes. 

Finally, our estimates of school effectiveness can be regarded as formulated in a “value-added” (VA) 

fashion, because we can include information about students’ prior achievement – namely, the test score at grade 

6. From 2008 onwards the biannual datasets are linked on the student level, thus from 2010 more detailed 

analyses are possible. 

 

 



Results 

 
The first observation is that the percentage of variability explained by the random effects, both by class and site, 

is higher in mathematics than in reading. This suggest that the impact the class or the school site have on 

students achievements is stronger in mathematics than in reading. Subsequently, comparing class and site effects, 

there is not a significant difference between the effect of the class and the effect of the site. The percentage that 

the two levels explain is quite similar. This result is in contrast with the Italian situation, in which classes matter 

more than school, in both reading and mathematics (see Masci et al. (2016)). 

The trees model is able to select the significant variables and to ignore the others. The interesting part here is that 

trees and linear models explain the same percentage of variability also at fixed level (The percentage of 

explained variability at fixed level is about 0.54/0.55 in both reading and maths, using both linear model and 

trees). Indeed, even if linear model consider all the variables, most of them have such a little coefficient that their 

impact is basically null. Both the models show that student score at grade 6 is the only significant predictor at 

student level. In this context, the strength of trees is that they identify the important variables while the results 

remain easy to interpret. 
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