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ABSTRACT
There have been discussions on where to invest the budget
allocated to education. Most politicians want to invest in the
schools’ infrastructure, but is that the most efficient policy
for spending? This paper presents analyses to help clarify
that. It integrates the most recent data sources (2018) on the
secondary students’ assessment (ENEM), the School Census
and the Teachers’ Census and consolidates all microdata to
the school level, making them features of the schools. These
features are then grouped into three types: infrastructure,
human education and socio-economic aspects. Then the fea-
tures from each group are applied in logistic regression pre-
dictive models both isolate and collectively. In a 10-fold
cross-validation comparison with the area under the ROC
curve as metric. The experimental results show that infras-
tructure is significantly less influential than the other fea-
tures. Further research needs to consider investment costs
and time to produce effect on school performance.
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1. INTRODUCTION
International comparison of students’ performance among
countries by the Programme for International Student As-
sessment (PISA) has yielded strategic discussions in interna-
tional education policies. The PISA, sponsored by Economic
Co-operation and Development (OCDE), aims at assessing
and providing a global perspective on secondary education
(15-year-old pupils) across countries of the world [16].

Following the international efforts, the local governments
have been concerned with standardized tests themselves,
aiming at the assessment of students as much as at mon-
itoring the quality of the educational system [1]. In Brazil,
the National Institute for Educational Studies (Instituto Na-

cional de Estudos e Pesquisas Educacionais – INEP) pro-
duces the annual School Census which is a survey of the
schools for secondary education in the country and the Na-
tional Secondary School Exam (Exame Nacional do Ensino
Médio – ENEM) that evaluates student performance at end
of secondary education.

In 2009, ENEM became a mechanism for students’ admis-
sion to higher education in public universities. That im-
proved the quality of the information collected. Added to
the technical knowledge of each student, ENEM also cap-
tures their socio-economic-cultural (SEC) information [2].
The integration of this information with the School Census
data has become a relevant source of data for scientific stud-
ies and enables the Federal Government to define and val-
idate public policies for Brazilian education [30]. However,
secondary education is under jurisdiction of the constituent
states of the federation, not the national government. Thus,
despite the importance of the federal government role, there
is considerable variation among the states in curriculum,
teacher training, budget policies and other issues [10].

Many factors can influence the performance of the students.
Studies have shown that school inputs, students’ SEC back-
ground, parents’ education are correlated with student achieve-
ment [13, 7, 12]. In Brazil, according to the last school cen-
sus available for this research (2018), 42% of the secondary
public schools still lack Basic Infrastructure Level. The def-
inition of the quality of the levels was performed by Neto
[26] being the Basic Level the second lowest of four levels
which includes features like having a management room with
computer and printer for administrative work only. This
scenario makes Brazilian politicians focus most of their ed-
ucational bills and budget allocations on improving school
infrastructure [19].

Despite the importance of providing infrastructure to schools,
it is common for politicians to invest in infrastructure such
as computer labs, tablets, TVs etc. even for schools that
have not reached the basic level yet. This paper does not
discuss pedagogical issues related to infrastructure; just tries
to help policymakers and education-related institutions on
how to invest their budget to comply with both regulations
and education quality goals in a long-run plan to secondary
public education.

This paper presents experiments in a Domain-Driven Data
Mining (DM) approach that assesses the quality of secondary
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schools in Brazil. The results show that the infrastructure
predictors are less relevant than SEC and educational pre-
dictors at a 5% significance level. Experiments were carried
out on the most recent data available (2018) with logistic
regression models in a 10-fold cross-validation setting.

The paper is organized in 4 more sections. Section 2 presents
the data sources and preprocessing. Section 3 describes the
experimental project to elucidate the most influential group
of features for predicting good students. Section 4 presents
the results and discusses its impacts. And Section 5 presents
the conclusions, difficulties found and suggestions for future
work.

2. DATA SOURCES AND PREPROCESSING
This research has used two official public databases: Mi-
crodata from the National Secondary School Exam 2017
and 2018 containing the students SEC information and their
grades on the test at the end of secondary education, and
the School Census 2018 [2] detailing the conditions of the
schools, from physical infrastructure to faculty information.
The 2017 ENEM database was only used as an independent
statistical sample to apply the process of granularity trans-
formation described in Subsection 2.4. These databases re-
fer to over 5 millions of students of 32,000 secondary schools
across the country, but this paper will focus only on public
(free) schools.

2.1 The Universe of Schools (Scope)
This research attempts to help policymakers optimize the
budget allocation in order to improve Brazilian Secondary
Schools. That does override the priority of the 42% of public
secondary that have only an elementary infrastructure (just
classrooms, electric energy, sanitation and piped water). A
few schools (0.7%) were discarded from the database for
being below that level.

ENEM is a democratic exam that any person can sit. That
makes it necessary to apply some selection filters in student
grain: a) Students who have no school assigned, are just
training or are not in the last secondary school year (74%),
b) students who do not follow a regular curriculum (2.5%)
and c) foreign students (0.02%). The remaining 680,583
students were considered. To eliminate anomalies that could
either divert from the goal or deteriorate the quality of the
work, students who did not perform all the tests, including
the essay, were also left out of the scope of this research.

Back to the school grain, for having critical mass, only schools
with 10 or more students were selected, as established by
INEP in the analyses. After this last filter, the total that re-
mained in this research dropped to 14,579 secondary schools
with 653,848 students which form the dataset used in this
paper’s experiments.

2.2 Problem Characterization and Goal Set-
ting

In business, one of the most common decision strategies for
selecting the eligible candidates for an action is ranking them
according to a classification score and choosing those above
a predefined threshold [17]. That is used in applications such
as staff selection, fraud detection [6], and resources alloca-

tion in public policies, for instance. This score is computed
by either weighing a set of variables based on human-defined
parameters or by applying a function learned by a classifi-
cation algorithm from a set of data with binary labels as
desired response, according to specific optimization criteria.

In some domains of application, several problems are ill-
defined simply because stakeholders do not reach consensus
on either method [29]. That is particularly true for edu-
cation where experts and faculty do not agree even on the
characterization of a good school or a good student. To
circumvent these issues, we have adopted the systematic
approach proposed by [3] to characterize this as a binary
decision problem. Thus, the problem can be solved by ma-
chine learning algorithms based on the supervised learning
paradigm with a data dependent strategy where each exam-
ple is labeled as “good” or “bad” for binary decision making.
That involves solving two scientific issues which represent
controversial points in the application domain: (1) which
metrics should be used as a ranking score for evaluating
the quality of the school and (2) which threshold should be
adopted as a criterion to define what would be a “good”
school in the binary decision.

The ENEM [1] has been conceived to assess the quality of the
Brazilian secondary schools based on their students’ evalu-
ation on the test. Despite arguments among experts on ed-
ucation, they have agreed that the performance of the stu-
dents at the last year would represent their performance in
the secondary school and also agreed that the mean student
score would be the most relevant indicator of each school,
as already done in previous studies [3, 30].

2.3 Binary Goal Definition
Once having defined the quality metrics, the most contro-
versial point is to set the threshold to characterize what
would be a “good” or “bad” school in the dichotomic objec-
tive. Once again, to circumvent the controversy and lack of
consensus in the field on the issue and bring a higher level
of abstraction that enables future comparison across years,
regardless of the degree of difficulty of the exams, this study
used statistics concepts for setting the threshold as recom-
mended by [28]. Quartiles of the distributions not only are
robust against extreme values (outliers) [21], but also can be
a straightforward data dependent dichotomizing criterion of
interest for the application domain. The upper quartile has
already been successfully used as threshold [28] on a contin-
uous goal variable for creating a binary target-variable. This
paper has adopted that approach for converting the problem
into a binary classification where the upper quartile repre-
sents the “good” schools.

2.4 Granularity Transformation
The granularity of the attributes is a fundamental concept
and its diversity brings great complexity to research of this
nature. How can one associate to each school its family
income attribute from the distribution of family income of
their students? How can one associate to each school its
faculty education attribute from the distribution of faculty
education of their teachers? These transformations repre-
sent a difficulty for teams without professionals specialized
in developing data mining projects. This difficulty is due
to both the sheer volume of data to be handled and the
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need to use artificial intelligence to embed knowledge of ex-
perts in education in the transformation of the attributes for
granularity change in a process coined Domain-Driven Data
Mining (D3M)[23].

We considered and chose the Regression Granularity Trans-
form (RGT) [4] as the most adequate approach for this re-
search. It aims at maximizing the information gain towards
the target class for categorical microdata present in Student
and Teacher grains. Logistic Regression was the technique
applied on the categorical attribute distribution having its
histogram with the categories’ relative frequencies as input.
These transformations were learned from the previous year
data (2017), to avoid having to discard data from the focus
year of 2018. For numerical features, the average was the
transformation adopted.

2.5 Preprocessing
Many factors affect the success of a data mining application.
Data quality is among them [20]. Domain and data under-
standing allowed for the removal of irrelevant attributes (e.g.
linked to elementary and fundamental schools and to other
secondary school models that do not use the regular curricu-
lum), attributes with a posteriori information and identifi-
cation codes.

In the final data sample, just two binary features presented
missing values, which were filled with “0”, because they rep-
resented lack of that property. The categorical features that
had the mode representing over 90% of the cases were re-
moved.

For features with correlation higher than 0.8, only those with
the highest semantic value for the domain were preserved.
To reduce the influence of outliers and improve the quality of
the Logistic Regression models, all numerical features were
normalized using the α-winsorized values of the distribution
(α/2 = 0.025 at each tail) as their minimum and maximum.

3. EXPERIMENTAL PROJECT
The experiments were carried out using the Logistic Regres-
sion model in a 10-fold cross-validation setting. The features
on school grain were partitioned into 3 different groups: 1)
Infrastructure of schools, 2) SEC information of Students
and 3) Level of Education of Parents and Teachers. The
same held-out fold was used as test dataset for all groups
and the models’ performance on it was assessed by Area
Under the Receiver Operating Characteristic (ROC) curve.
ROC curve plots the true positive rate against the false pos-
itive rate, at all possible decision thresholds.

The goal is to experimentally compare the discriminant power
of each group of predictors, focusing on groups 1 and 3, once
that it is hard to produce any change in group 2 with educa-
tional policies. In one hand, it is widely known that features
from group 3 are more influential than those of group 1 , but
it is hard for education policymakers to intervene on that
due to limitations on either the country’s economy or the
Cash Transfer policies [22]. On the other hand, investment
in features from group 1 has been the main focus of govern-
ment, either by the insufficient conditions in some schools
or because these investments have their effect more easily
assessed. There are some studies in the literature on public

policies addressing teachers training and parents education
[5, 8]. This paper aims at showing that the predictors of
group 3 are more influential in predicting performance than
those of group 1.

3.1 Performance analysis
Figure 1 shows the results for each test set in the 10-fold
cross-validation process. In turns, one partition (fold) is
separated for testing while the other 9 are used for training
the model. The performance of the ROC curve at each fold,
the average and the standard deviation across the 10 folds
are the values reported. By comparing the results of groups
1 and 3, in the one-sided paired t-test, we accept the alter-
native hypothesis that the mean of the education group (3)
is greater than that of the infrastructure group (1) at 0.05
significance level.

Figure 1: represents (a) the outputs for schools’
infrastructure group, (b) the outputs for students’
socioeconomic-cultural information group and (c)
parents and teachers’ level of education group.

The difference is highlighted even more when analyzing the
number of variables in each group. Group 1 has 23 vari-
ables that represent the school structure while group 3 has
only 3 variables, namely, the level of education of fathers,
mothers and teachers. Analyzing group 3 in a logistic regres-
sion model on the whole dataset for assessing the features’
influences according to their β coefficients, their predictive
powers were in decreasing order, the father’s education, the
mother’s education and the teachers’ education. The quali-
fication of teachers, in contrast to existing studies [18], does
not have high explanatory power. This result is probably
due to the fact that, in Brazil, the number teachers with
M.Sc. and Ph.D. degrees in public secondary education is
minimal (4.8% and 1.1%, respectively). Table 1 displays
the beta coefficients of each variable and their p-value, well
below the 0.05 significance level.

4. DISCUSSION
Several studies have improved the understanding of the de-
terminants of school performance with the perspective of
guiding educational policies. James Coleman, in 1960, had
already identified the SEC factors of the students as the
main determinant of their performance [13]. The correla-
tion between parental education has been long established,
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Table 1: Variable importance of the Logistic Regres-
sion model for group 3

Feature β p-value Grain
Father’s Education 3.87 0.00 Student Level
Mother’s Education 2.94 0.00 Student Level
Teacher’s Education 2.62 0.00 Teacher Level

as well [15, 11]. Other lines of research have also highlighted
the relevance of aspects related to schools and teachers [18,
25, 14]. Much has been discussed in Brazil about the sec-
ondary education, as well as improving the budget alloca-
tion.

According to OECD, Brazil’s public spending on education
was close to the average of its member countries in the year
of 2015 while the performance of Brazil in the last PISA
exam was among the worst countries evaluated [27]. The
quality of education still does not respond to the investments
made. Therefore, it is crucial to improve the understanding
of standardized national tests to help policymakers and ed-
ucation related institutions in developing educational public
policies to produce an effective return on investment.

4.1 Parents Education as Proxy to SEC?
Separating out the independent effects of family education
and SEC background is not a simple task. Some prior stud-
ies showed that those features are very correlated to family
income, once parents who are more educated, earn higher
salaries [24]. From another perspective, more education
empowers parents and teachers to give the students better
counseling and training. Some studies have tried to isolate
the effect of each feature, aiming at determining causal re-
lations between them in the educational outcomes [9] .

This Subsection attempts to dissociate these characteristics
to find out if the parents’ education influences the student
performance in the ENEM Exam for families with the same
constant income. We started by considering only students
from schools with infrastructure at basic level or above. To
block any effect of economics, the students were undistin-
guishable by their family income which was kept constant.
The performance was measured by the fraction (percentage)
of good students in the sample, for each level of education.

Figure 2 shows the fraction of good students against the par-
ents’ education for each income value. It is clear that higher
parents’ education is associated with higher fraction of good
students, with the income constant. Despite being a cate-
gorical feature, the level of education is associated with time
of schooling, therefore suited to line graph representation.

Wrapping up, the students’ performance on ENEM increases
with their parents’ level of education no matter their family
income.

5. CONCLUSION
This paper has presented a comparative study of the influ-
ence of groups of predictors in the quality assessment of sec-
ondary school in Brazil to help policy makers in educational
budget allocation.

Figure 2: Fraction of good students as function of
their parents’ education level. Ranges from “A” (no
schooling) to ”G”(postgraduate) for different family
incomes indicated in the curves.

The experimental procedure had logistic regression as pre-
dictive technique and the comparison was performed with
single-tailed t-test on a 10-fold cross-validation setting on
paired test sets. The predictors (features) were partitioned
into 3 groups as planned: Infrastructure, SEC information
and Education. The performance metric was the Area Un-
der the ROC curve (AUC ROC) widely applied for assessing
binary classifiers in domains such as medicine, telecommu-
nications, artificial intelligence etc.

The results show that both the groups of features of par-
ents’ and teachers’ education and of socio-economic-cultural
information are more influential than the group composed of
infrastructure features with statistical significance of 0.05.

Some research found in the literature argue that there is a
high correlation among the predictors and that there could
be causality in SEC information influencing the Education
predictors. We have shown that Education predictors have
a positive effect on the students’ performance no matter the
family income. Nevertheless, much more analyses have to
be made in that sense.

Furthermore, ensemble of predictors in general achieve higher
improvement in performance with the increase of comple-
mentarity among their modules [31]. That suggests that the
higher increase of AUC in the combination of SEC and ed-
ucation features versus the combination of SEC and infras-
tructure features might be related to the smaller correlation
of education compared to infrastructure both in relation to
SEC features. This needs to be further investigated. It
is also important to extend the analyses presented here for
2018 to several years to verify if the results found hold across
time. We are carrying out the research and the preliminary
results show that the same behavior holds for the previous
9 years as well.

It is important that experts in education and policy makers
collaborate in this research to help improve the Domain-
Driven Data mining approach by embedding their expertise
in the solution development.
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