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Abstract
In Brazil, the National High School Examination (ENEM) serves as the primary assessment tool for students in their final year of high school. 
It is used for admission to higher education institutions, both public and private, as well as federally funded Brazilian government institutions. 
The COVID-19 pandemic in 2020 and 2022 caused significant disruptions to basic education, prompting reforms in the educational model, 
transitioning from in-person to remote (online) learning environments. This study aims to identify the main impacts of the COVID-19 pandemic, 
particularly in the state of Pará, located in the Amazon region of Brazil. To achieve this, we analyzed microdata from the ENEM editions between 
2019 and 2022 to understand pre-pandemic trends and assess the impact of COVID-19 on student performance. The research findings reveal a 
correlation between family per capita income and participation in the ENEM among public school students, with a higher proportion of students 
from lower-income families not participating in the exam. Additionally, the absenteeism rate surpassed 100% compared to the previous year. 
Another noteworthy observation pertains to the education level of the responsible family member, indicating that higher levels of education 
correlate with better student performance.
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Introduction
In the attempt to manage confirmed cases of COVID-19, it became evident 

that there was no linear relationship between infections and social impact 
across various fundamental sectors of society, including health, education, 
and urban infrastructure [1]. This disparity in infection rates is closely linked 
to the levels of social inequality prevalent in affected populations, directly 
contributing to virus transmission [2-4]. Consequently, numerous efforts have 
been made to alleviate the repercussions of the COVID-19 pandemic, with 
education being one of the most profoundly affected sectors, leading to the 
adoption of remote learning initiatives [5-7]. 

Furthermore, studies such as Ariyo E, et al. [8] conducted a descriptive-
analytical study utilizing binomial regression in Nigeria to elucidate the 
social dynamics between the surge in COVID-19 cases and remote learning 
performance among elementary education students. The study incorporated 
various social dimensions, including education level, gender, ethnicity, family 
composition, etc., across Nigeria's six most influential geopolitical zones. 
Findings from this research Ariyo E, et al. [8] revealed that family composition 
significantly influences the rise in COVID-19 infections, along with family 
income, where higher incomes correlate with better student performance.

Similarly, research such as Zhu W, et al. [9] employed electronic surveys 
with responses from parents of Chinese children, representing geographically 
diverse regions: Oriental (27.3%), Central (38.8%), and Western (33.9%) 

China. The study collected social data such as age, relationship type, 
education level, family income, etc., to profile the students. Descriptive 
statistical analysis revealed that 51.3% of children experienced fatigue due to 
the extensive subjects and prolonged screen time, leading to discomfort and 
stress. Moreover, the majority (85.4%) reported that remote education failed to 
match the level of learning provided by face-to-face teaching.

In Brazil, various programs evaluate students' educational progress 
across both public and private networks, spanning from basic to higher 
education. The National Institute for Educational Studies and Research 
Anísio Teixeira (INEP) administers annual evaluation programs, serving as 
indicators of education quality throughout students' educational journey [10]. 
These evaluation programs include the Educational Census, ENADE, ENEM, 
etc., tailored to each educational cycle to gauge students' learning levels [11].

Given the socio-educational implications of the COVID-19 pandemic, it 
is evident that students completing their final years of high school during the 
pandemic experienced disparate performances, with a notable increase in 
ENEM dropouts, possibly linked to individual social inequalities [12].

Thus, this study proposes a data analysis using Data Science techniques 
to mine educational data from the microdata of ENEM from 2019 to 2022, 
examining pre-pandemic and pandemic-era COVID-19 periods, to ascertain 
the social dimensions exerting the greatest influence on student performance, 
particularly in the state of Pará.

The document is structured as follows: Section 2 outlines the materials 
and methods employed in the study; Section 3 details the results obtained 
using Bayesian networks. Finally, Section 4 provides a discussion on the 
findings.

Methodology 
The methodology employed in this study involves the application of 

data science techniques, specifically Educational Data Mining [13,14] as 
the primary means of extracting knowledge from databases, to utilize the 
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acquired information for decision-making purposes. The analysis focuses on 
educational data about high school students and graduates to investigate the 
impacts of the COVID-19 pandemic.

For this study, databases from the ENEM exams of 2019 (pre-pandemic) 
and 2020-2022 (pandemic period) are selected. These years were chosen due 
to the significant increase in COVID-19 infections, along with the respective 
school census KQ ≤ 25%es for the same periods, serving as microdata sources 
for the ENEM. This selection enables an examination of student performance 
amidst the challenges posed by the pandemic, particularly in the context 
of national exam resolutions aimed at determining the influence of school 
closures during periods of heightened epidemic risk [15-17].

The study categorizes performance using quartiles based on the minimum 
and maximum scores within each area of knowledge [18,19] as well as the 
number of dropouts per edition of the ξ exam. In this context, represents a 
vector  of numbers ordered in ascending order, Q indicates the analyzed 
percentile, and P ranges from 1 to 3, determining the percentiles of each 
quartile K (Equation 1).

                                                                                  (1)

Unlike previous studies that have solely relied on average scores as 
a performance criterion [20-23] this study adopts a more comprehensive 
approach. It categorizes students' performance in the ENEM exam into four 
distinct groups, as illustrated in Table 1.

Table 1 illustrates the discretization into three groups using the quartile 
method: KQ ≤ 25% for scores below 25%, 25% < KQ<75% for scores between 26% 
and 74%, and KQ>75% for scores above 75%. The variable ξ represents the 
number of dropouts. This demonstration is crucial for understanding the 
realistic impacts of COVID-19 on sociodemographic dimensions and their 
influence on student performance during educational interruptions.

The microdata from ENEM for 2019 and 2022 comprise 2.24, 1.88, and 
1.40 gigabytes, respectively, each containing a set of 76 variables. In total, 
they represent more than 14 million instances, reflecting the number of exam 
participants nationwide. Among the 80 indicators analyzed, 22 were selected 
from the dataset as they showed a higher correlation with score performance. 
This aimed to streamline the construction of the representative Bayesian 
Network (BN) [24] for the problem at hand.

The variables representing scores in different areas of knowledge are 
grouped into four performance analysis groups, as depicted in Table 1. For the 
variable Monthly Family Income (Q006), which consists of income brackets 
(e.g., "from R$ 0.00 to R$ 998.00"), we opted to use the lowest salary and the 
number of people per household (Q005) to replace the original text and group 
them accordingly, as per the ENEM variables dictionary [10].

The data mining phase employs the Bayesian Network technique through 
the PGMPY library [25] due to its ease of configuration and usability, as 
well as its intuitive generation of probabilistic relationships and display of 
Conditional Probability Tables (CPTs) for each node. For visualization, the 
pyAgrum API is utilized [26]. Ultimately, statistical and probabilistic inferences 
drawn from the microdata from ENEM and the School Census aim to compare 
the sociodemographic effects of successive epidemic outbreaks, confirmed 
cases, and deaths on student performance. This includes identifying those 
most likely to be affected when a public health alert is declared.

Results
In this case study, we examine the repercussions of the COVID-19 

pandemic on the academic performance of high school students, specifically 
focusing on those in the state of Pará, in the context of the National High 
School Examination (ENEM) in Brazil. The analysis utilizes microdata 
from the ENEM editions of 2019 and 2022, alongside microdata from the 
corresponding School Census in each respective year.

The representative microdata for the state of Pará encompass 
approximately 279.593, 330.883, and 185.978 participants for each analyzed 

edition, with a negligible difference of 0.05% from the official numbers. As 
outlined in Table 2, the analysis comprises 12 pertinent parameters selected 
during the data processing phase. These variables shed light on the principal 
socio-behavioral changes among participants, influencing overall scores 
during the ENEM amid the COVID-19 pandemic in Brazil (Table 2).

As depicted in Table 2, participants whose family income does not 
exceed approximately 1 minimum wage exhibit the highest dropout rates from 
the ENEM during the years 2020 and 2021 compared to the previous year. 
This underscores the disproportionate impact of non-seasonal respiratory 
epidemic outbreaks, such as the COVID-19 pandemic, on individuals with 
lower income, given the prolonged closures of public institutions [27-29].

Furthermore, in a separate analysis involving participants with an overall 
score above 75%, those attending or previously enrolled in private schools 
during the pandemic demonstrated superior performance compared to their 
counterparts from public schools. Additionally, higher maternal occupation 
and education levels were associated with better student performance. These 
findings suggest a correlation between the availability of resources, such as 
computers and internet access, and student performance, as illustrated in 
Table 3.

The analysis of data from students scoring above 75% by administrative 
dependence reveals disparities in performance before the pandemic. 
Participants from public schools, especially those with mothers having 
elementary education and lower occupational status, exhibited lower 
performance compared to their counterparts from private institutions, whose 
mothers had higher levels of education and engaged in occupations requiring 
advanced education [30,31].

This initial analytical process aimed to elucidate the influence of social 
parameters on the performance of participants from Pará in the ENEM. 
To explore how the increase in cases of respiratory syndrome during the 
COVID-19 pandemic affected student performance, a Bayesian probabilistic 
analysis was conducted [32]. This involved employing techniques such as 
Hill-ClimbSearch, K2Score, and VariableElimination [33] with support from 
the pyAgrum library to visualize the Bayesian Networks (BNs) for the years 
2019 and 2022, as depicted in Figure 1.

The BN derived from the 2019 data highlights key variables significantly 
impacting the performance of ENEM participants, including the father's 
education level, family income, computer dependency, and administrative 
dependence in the household, as depicted in Figure 1a. This organizational 
structure establishes a flow of probabilistic dependencies among the 
selected parameters. Applying the same methodology to structure BNs 
for the educational data from 2020 and 2022 (Figures 1b and 1c), directly 
influenced by the COVID-19 pandemic, reveals a notable shift: the presence 
of a computer in the household is no longer a primary variable of importance.

The selection of these parameters is determined by the BN itself, 
which identifies the most critical conditional dependencies for analysis. 
Consequently, when examining the inferences drawn from these variables, 
it becomes evident that higher levels of father's education correlate with 
better performance of participants (*) (Table 4) and [34]. On the other hand, 
the number of participants who abandoned the exam (ξ) increased by 19%, 
between the pre-post COVID-19 period, for parents with primary education 
and 8%, between the pre-COVID-19 period -post COVID-19, for those with 

Table 1. Groups of students by overall average performance in ENEM in the state of 
Pará.

Groups 2019 2020 2021 2022
ξ Inf % Inf % Inf % Inf\%

KQ  ≤  25% -inf - 443 -inf - 439 -inf – 443 -inf- 484

KQ<75% 444 - 546 440 - 544 444 – 572 484 – 602

KQ  ≥  75% 557 - inf+ 545 - inf+ 573 - inf+ 603 - inf+

Note: inf%: absent participants; -inf: scores below 25%; inf+: scores above 75%
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higher education, and during the COVID-19 pandemic in 2020, dropout rates 
are approximately 31% for primary education and 10% for higher education, 
in 2020 and in 2021 they are approximated at 14% and 9% respectively 
(Table 4).

An important aspect to highlight is the conditional probability between 
administrative dependence and the availability of a computer in the household 
for educational purposes. Inferences reveal a notable correlation, particularly 
among public school students who have access to a computer, showing a 
significant relationship with their performance on ENEM scores. When 
assessing the scores of students classified in Group KQ<75%, a noteworthy 
disparity is observed between those with and without access to computers, 
indicating a significant increase in performance for the former. Specifically, 
among private school students, there is a 13% increase, as illustrated in Table 5.

Another crucial aspect to consider is the conditional probability between 
administrative dependence and the availability of a household computer for 
educational activities. Inferences indicate a significant correlation, particularly 
among public school students who have access to computers, showing 
notable improvements in ENEM scores compared to those without access. For 
students classified in Group KQ<75%, there is a noteworthy increase in scores 
among those with access to computers. Specifically, private school students 
exhibit a 20% increase, as detailed in Table 5.

Furthermore, an analysis of participants' declared family income reveals a 
strong relationship between higher family income (C6) (*) and student scores, 
as illustrated in Table 6. Consistent with this inference, an examination of 
pre-established family income ranges demonstrates a decline in performance 
among students reporting incomes of up to 1 salary (C1). But those achieving 
scores of KQ≥75% notably, there was a reduction of approximately 6.5% among 
the number of participants in this income range.

In a more detailed analysis, the impact of performance is assessed 
concerning the administrative dependence and family income of the 
participants. It becomes evident that the proportion of students in public 
schools decreased to Group KQ≥75% when linked to incomes of up to 1 minimum 
wage. Conversely, the number of dropouts increased by 30%. Figure 2 
provides a visual representation of the performance of participants based on 
family income (Figure 2).

 In Figure 2, a notable increase in participants in the KQ<75% Group 
between 2020 and 2021 from private schools is observed. This migration may 
be attributed to the challenges posed by remote learning during the peaks of 
confirmed COVID-19 cases in Brazil. In contrast, students from public schools 
account for the majority of dropouts in the national exam [31].

A more specific analysis of educational data from the state of Pará, 
focusing on the relationship between its six mesoregions and the school 

Table 2. Percentage of participants who opted for dropout in the ENEM.

Parameters
ENEM Edition

2019 2020 2021 2022

ADM Dependence Public 15.45 Public 41.49 Public 26.78 Public 33.52

Color and Race Brown 69.16 Brown 66.84 Brown 64.25 Brown 64.71

Mother's Education Level Elementary 39,85 Elementary 35.51 Elementary 30.60 Elementary 32.72

Father's Education Level Elementary 45.44 Elementary 42.37 Elementary 38.53 Elementary 24.43

Mother's Occupation Group 2 46.07 Group 2 46.98 Group 2 47.11 Group 2 46.07

Father's Occupation Group 1 37.24 Group 1 32.31 Group 1 28.77 Group 1 31.21

Number of People +4 45.10 +4 41.31 +4 41.07 +4 49.45

* Family Income [0-1] Salary 63.73 [0-1] Salary 70.00 [0-1] Salary 62.41 [0-1] Salary 67.36

Number of Bathrooms 1 87.35 1 83.74 1 82.15 1 81.51

Number of Rooms 2 51.39 2 51.89 1 82.15 2 51.02

Computer No 87.80 No 84.10 No 80.88 No 83.90

* Internet No 64.79 Yes 52.46 Yes 69.42 Yes 70.31

Note: ADM: Administrative; Elementary: Elementary School; High: High School; and Group: Occupation details in the Table

Table 3. The percentage of participants who obtained a score above 75% on the ENEM.

Parameters
ENEM Edition

2019 2020 2021 2022

ADM Dependence Private 67.02 Private 48.55 Private 51.08 Private 43.05

Color and race Brown 57.43 Brown 49.39 White 47.68 Brown 49.60

* Mother's Education Level High 28.09 High 37.58 High 34.27 High 37.50

Father's Education Level High 27.68 High 29.24 High 30.41 High 31.74

* Mother's Occupation Group 2 30.99 Group 4 35.97 Group 4 33.76 Group 4 36.11

Father's Occupation Group 4 23.14 Group 4 30.55 Group 4 29.89 Group 4 29.76

Number of People 4 30.99 4 33.06 4 32.98 4 35.51

Family Income [0-1] Salary 32.23 [0-1] Salary 20.20 [0-1] Salary 15.20 [0-1] Salary 19.64

Number of Bathrooms 1 55.78 1 39.89 1 36.85 1 43.84

Number of Rooms 2 40.08 3 41.90 1 36.85 2 42.46

* Computer No 53.30 Yes 62.00 Yes 67.00 Yes 57.00

* Internet Yes 69.83 Yes 88.24 Yes 95.87 Yes 92.06

Notes: ADM: Administrative; Elementary: Elementary School; High: High School; and Group: Occupation details in the Table
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Figure 1. Bayesian network with ENEM data between 2019 and 2022, which correspond to the pre-in-post COVID-19 pandemic. Notes: Blue indicates the desired class variable, 
while orange represents parameters that are related to the class variable, as per the relationship test conducted by the hill-climb search algorithm and K2Score.

Table 4. Relationship between the father's level of education and the student's performance.

ENEM Edition
Father's Level of Education

Group Elementary School High School University Education

2019

ξ * 20.68 13.58 * 10.88

KQ ≤ 25% 30.55 23.05 19.25

KQ<75% 41.95 49.55 47.39

KQ ≥ 75% 6.81 13.82 22.48 *

2020

ξ * 51.36 38.01 29.60 *

KQ ≤ 25% 21.83 19.01 13.24

KQ<75% 24.05 35.35 36.36

KQ ≥ 75% 2.76 7.64 20.80 *

2021

ξ * 34.73 25.30 * 17.75

KQ ≤ 25% 29.34 24.08 19.20

KQ<75% 32.11 41.82 40.86

KQ ≥ 75% 3.82 8.80 20.19 *

2022

ξ * 39.76 27.90 * 18.92

KQ ≤ 25% 35.51 32.06 25.72

KQ<75% 23.20 34.92 39.88

KQ ≥ 75% 1.54 5.12 15.98 *
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Table 5. Relationship between administrative dependence and families that have at least one computer at home in the 2019 ENEM.

Group
Administrative Dependence

Public Private Computer
ξ 16.09 10.79 None

KQ ≤ 25% 25.92 17.26 None

KQ<75% 47.30 48.25 None

KQ ≥ 75% * 10.68 23.70 None
Ξ 7.21 3.51 At least one

KQ ≤ 25% 11.34 5.29 At least one

KQ<75% 34.57 24.25 At least one

KQ ≥ 75% * 46.87 66.95 At least one

Table 6. Relationship between family income and student performance.

ENEM Edition
Family Income

2019 2020 2021 2022

Group C1 C6 C1 C6 C1 C6 C1 C6
ξ 16.22 6.39 42.32 22.53 27.84 12.85 30.96 15.79

KQ ≤ 25% 22.51 10.41 20.35 8.07 26.49 9.50 33.96 14.71

KQ<75% 47.01 41.06 31.94 41.59 39.59 39.85 31.61 39.59

KQ ≥ 75% (+) 10.25 41.14 (*) (+) 5.39 37.81 (*) (+) 6.08 37.80 (*) (+) 3.47 29.90 (*)

Note: C1: Income from zero up to 1 minimum wage; C6: more than 3 minimum wages

Figure 2. Performance radar of students through family income and administrative dependence. Note: C1: Up to 1 minimum wage; C2: 1.5 minimum wages; C3: 2 minimum wages; 
C4: 2.5 minimum wages; C5: 3 minimum wages; and C6: More than 3 minimum wages. The colors represent performance percentages: Blue: Dropouts; Orange: Score between 
[0-25]; Green: Score between [26-74]; Red: Score between [75-100].
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Figure 3. Abstention of students from the state of Pará by mesoregion. Note: MA: Belém Metropolitan Area; Rate: abstention rate.

 Figure 4. Comparison of the performance of Pará's students by mesoregion in ENEM between 2019 and 2022.
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census, sheds light on whether the impact of the COVID-19 pandemic had 
uniform effects on abstention rates and overall participant performance. 
Figure 3 displays the mesoregions of Pará for clearer reader comprehension, 
alongside the percentages of abstention among ENEM participants in the 
2019 and 2022 editions (Figure 3). 

Among the mesoregions of Pará depicted in Figure 4, it is noteworthy 
that only the Belém Metropolitan Region and the Northeastern Pará region 
experienced a significant rebound in reducing abstention rates in the ENEM 
during the COVID-19 pandemic between 2020 and 2021. Conversely, the other 
regions maintained persistently high dropout rates from the ENEM during the 
same period, with percentages exceeding 20% (Figure 4). 

The Marajó region emerged as one of the most severely affected areas 
following the onset of the COVID-19 pandemic. Notably, between 2020 
and 2022, students from public schools experienced a substantial decline 
in performance, with fewer than 10% achieving scores above 75% in the 
assessments. Moreover, it is crucial to highlight the surge in absent students 
during the ENEM exams from private schools. This trend could be linked to 
travel restrictions resulting from lockdowns and the closure of educational 
institutions on the island, as illustrated in Figure 4.

Discussion
The case study presented in this article addresses the systematic 

relationship between waves of COVID-19 infection and the Brazilian 
educational system, with a specific focus on the state of Pará. It analyzes 
the main impacts of interruptions in both public and private high school 
institutions. The analysis is based on the performance of students in the 
last year of high school who take the ENEM exam. The analysis of ENEM 
educational data revealed that students with lower per capita income (up to 1 
minimum wage) faced greater difficulties in acquiring the curriculum content. 
This trend is evidenced by Table 6, which shows that the lower the income, 
the higher the percentage of dropout students. Additionally, it is important 
to consider other correlated factors, such as population density per square 
meter, where a higher number of people per area may increase the chances 
of virus transmission. Another relevant aspect is the relationship between the 
administrative dependence of schools and the level of education of parents, 
which also influences students' performance on the ENEM. It was noticed that 
students from public schools showed a higher dropout rate when their parents 
had lower levels of education than high school [35,36].

Conclusion
It is noteworthy that private educational institutions had a smaller 

impact on the teaching-learning process of their students compared to public 
institutions. Furthermore, despite small positive or negative fluctuations, the 
differences in the percentage of students who obtained scores above 75% 
are very small. A relevant data point is related to the performance of private 
institutions in Pará on the ENEM. In 2019, these institutions occupied the 
top positions in the ENEM ranking and maintained that position in 2020 and 
2022, even with the transition to remote learning. This highlights the ability of 
private institutions to maintain high performance standards for their students, 
even in the face of challenges such as distance learning. Thus, variables such 
as population density and the educational level of parents also significantly 
influenced student performance. While private educational institutions 
showed less disruption in the teaching-learning process compared to public 
ones, consistently maintaining high performance standards in the ENEM, 
even during periods of remote learning.
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