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Abstract

Scores on standardized tests are part of the measure of educational quality. The objective is to
construct a predictive model, applying linear regression and multilevel linear regression, for the scores
of the Saber 11 tests, using statistically significant factors collected from surveys administered to test
takers between 2019 and 2022 in Bogota, Colombia. The methodological approach is quantitative.
The information organization procedure follows the Standard Process for Data Mining across
Industries. The modeling utilized the open database of the Colombian Institute for the Promotion of
Higher Education, consisting of 129,087 records (over 81% of the total). Women account for 53% of
the records in the study. The Inter Class Correlation in the multilevel linear regression model among
the 20 localities is 1.54. The Mean Absolute Percentage Error in the linear regression model is 11.79%
for the entire dataset and 11.81% when using 70% of the data for training. The statistically significant
factors include gender, socio-economic status, resources for studying at home, nutrition, student
employment, and the institution. In conclusion, the possession and access to technological resources,
hardware, and software, as well as the urban location of the institution, had a positive impact on scores
during the COVID-19 pandemic, providing empirical evidence of a wider educational gap in
populations with limited technological access or residing in rural areas.

Bogota is the capital city of Colombia, politically organized into 20 localities, with a population
exceeding 10 million people and a population density of around 5,000 individuals per square
kilometer. The locality of Sumapaz has the largest rural area with the lowest population density.

Standardized tests are part of some educational systems, and their results contribute to assessing the
quality of education and its continuity within the education system. In Colombia, the name of these
tests are "Saber tests”, while in Chile, they are known as Pruebas de Acceso a la Educacion Superior
(PAES), and in Ecuador, they are call to as SER (Sistema de Evaluacién y Rendicion de la Educacion).
Brazil conducts similar tests through its state educational evaluation system, among others. At the
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international level, standardized tests compare educational systems, such as the Programme for
International Student Assessment (PISA) administered to countries belonging to the Organisation for
Economic Co-operation and Development (OECD).

Theoretical Foundations

Various studies indicate that gender is one of the variables that influence scores in standardized tests,
with males often obtaining higher scores (Beckham et al., 2023; Ekubo & Esiefarienrhe, 2022;
Maisarah-Samsudin et al., 2021; Posada & Mendoza, 2014; Qazdar et al., 2019; Ramirez & Teichler,
2014). The economic situation of students and their families is a significant factor affecting test results
in numerous studies (Atlam et al., 2022; Contreras Bravo et al., 2022; Galster et al., 2016; Ibourk &
Amaghouss, 2016; Martinez-Mateus, 2015; Masci et al., 2018; Murillo & Carrillo, 2021; Orjuela,
2014; Posada & Mendoza, 2014; Qiu & Wu, 2019; Romero, 2009). Other factors are associated with
the family environment (Galster et al., 2016; Lisboa- Bartholo & Da-Costa, 2016; Orjuela, 2014; Salal
& Abdullaev, 2020), access to information and communication technologies (Atlam et al., 2022;
Kumari et al., 2018; Posada & Mendoza, 2014; Wandera et al., 2019), study habits (Beckham et al.,
2023; Giannakas et al., 2021), institutional characteristics (Baashar et al., 2022; Contreras Bravo et
al., 2022; Masci et al., 2018; Qiu & Wu, 2019; Rebai et al., 2019; Romero, 2009), and student
motivation (Atlam et al., 2022; Masci et al., 2018; Rebai et al., 2019; Shah et al., 2019).

Investigating the factors that predict scores in the Saber 11 standardized tests can contribute to
understanding the student population in the city of Bogota. This knowledge has the potential to inform
policy decisions and the design of plans and programs aimed at improving test results. It is important
to note that these tests are requirements for accessing higher education institutions, whether public or
private, making them crucial for accessing the higher education system.

This research aims to answer the following question: "What statistically significant factors contribute
to a predictive model of Saber 11 test scores for students in Bogota between 2019 and 2022?"

Academic achievement is often related to students' efforts or scores in various tests or evaluations
within the educational setting. However, understanding academic performance or learning
achievement involves studying human beings' different dimensions or factors when interacting with
specific areas or the education system as a whole. That is a complex and evolving concept (Navarro,
2003; Parra-Castillo et al., 2021), which even includes aspects such as nutrition (Gimeno-Tena &
Esteve-Clavero, 2021; Santos- Holguin & Barros Rivera, 2022).

Methodology
The research approach is quantitative, employing statistical modeling techniques such as linear
regression and multilevel linear regression, which are suitable for the study (Murillo-Torrecilla, 2008).

The methodological process includes the following stages: understanding the object of study,
comprehending the data, data preparation, data modeling, model evaluation, and conclusion
(Chapman et al., 2000).

Understanding the object of study involves establishing the research objective, consolidating previous
research studies, and selecting the appropriate data model or models along with relevant tools.

In the data comprehension stage, we obtain data from the Instituto Colombiano para la Evaluacion
de la Educacion (ICFES) and its data dictionary. It is considering its structure in the review process.

During data preparation, we selected data related to Bogota from 2019, 2020, 2021, and 2022. Also,
we did Queries to ensure data consistency and address missing data by making appropriate
adjustments or predicting and eliminating missing data.
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For data modeling, the Multilevel Linear Regression Model (MRLM) and the Linear Regression
Model (LRM) have been selected, with parameters corresponding to those in the ICFES database data
dictionary. Then we run the model using 70% of randomly selected data on a computer with an Intel

Core i5 processor, 16 gigabytes of RAM, a solid-state drive, and an integrated graphics card.

Regarding model evaluation and conclusion, we evaluated the obtained model using the remaining
30% of the data. Subsequently, we tested it using 70% of the data, and its predictive capability was

verified.

Data Dictionary

According to the public information provided by ICFES, the database and data dictionary of the Saber

11 tests are used, valid for 2019 to 2021, as shown in Table 1.

Table 1. Data Dictionary of Saber 11 Standardized Tests.

Variable
ESTU_GENERO

FAMI_ESTRATOVIVIENDA

FAMI_PERSONASHOGAR

FAMI_CUARTOSHOGAR

FAMI_EDUCACIONPADRE

FAMI_EDUCACIONMADRE

Description Response Options
Gender F - Female, M - Male

Refers to the
socioeconomic
stratum of the place Stratum 1, Stratum 2,

of residence Stratum 3, Stratum 4,
according to the Stratum 5, Stratum 6, No
electricity bill. Stratum.

Inquires about the
number of people,

including the
examinee, living in
the household. 1to4,51t08, 9 or more.

Inquires about the
number of rooms
where people sleep
in the examinee's
household. 1t03,41t05, 6 or more.

(1) Complete Primary
Education, (2) Incomplete
Primary Education, (3)
Complete Secondary
Education (High School),
(4) Incomplete Secondary
Education (High School),
(5) Complete Higher
Education, (6) Incomplete
Higher Education, (7)
Complete Technical or
Technological Education,
(8) Incomplete Technical

or Technological
Father's highest level Education, 9)
of education. Postgraduate, (10) None.

(1) Complete Primary
Education, (2) Incomplete
Primary Education, (3)
Complete Secondary
Education (High School),
(4) Incomplete Secondary
Mother's highest Education (High School),
level of education.  (5) Complete Higher
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Variable Description Response Options

Education, (6) Incomplete
Higher Education, (7)
Complete Technical or
Technological Education,
(8) Incomplete Technical
or Technological
Education, 9)
Postgraduate, (10) None.

(1) Small business owner
(has few or no employees,
e.g., shop, stationery
store, etc.), (2) Works as a
professional (e.g., doctor,
lawyer, engineer), (3)
Machine  operator or
driver  (taxi driver,
chauffeur), (4) Large
business owner, holds a
managerial or executive
position, (5) Retired, (6)
Homemaker,
unemployed, or studying,
(7) Salesperson or works
in customer service, (8)
Self-employed (e.g.,
plumber, electrician), (9)
Farmer, fisherman, or
laborer, (10) Has an
administrative  support
job (e.g., secretary or
Refers to the father's assistant), (11) Works in
primary occupation cleaning,  maintenance,
FAMI_TRABAJOLABORPADRE during the last year. security or construction.

(1) Small business owner
(has few or no employees,
e.g., shop, stationery
store, etc.), (2) Works as a
professional (e.g., doctor,
lawyer, engineer), (3)
Machine  operator or
driver  (taxi driver,
chauffeur), (4) Large
business owner, holds a
managerial or executive
position, (5) Retired, (6)
Homemaker,
unemployed, or studying,
(7) Salesperson or works
in customer service, (8)
Self-employed (e.g.,
plumber, electrician), (9)
Farmer, fisherman, or
laborer, (10) Has an
administrative  support
Refers to the job (e.g., secretary or
mother's primary assistant), (11) Works in
occupation  during cleaning,  maintenance,
FAMI_TRABAJOLABORMADRE the last year. security or construction.
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Variable

FAMI_TIENEINTERNET

FAMI_TIENECOMPUTADOR

FAMI_NUMLIBROS

FAMI_COMELECHEDERIVADOS

FAMI_COMECARNEPESCADOHUEVO

FAMI_COMECEREALFRUTOSLEGUMBRE

FAMI_SITUACIONECONOMICA

ESTU_DEDICACIONLECTURADIARIA

ESTU_DEDICACIONINTERNET

ESTU_HORASSEMANATRABAJA

Description Response Options
Inquires  if  the

household has

internet service. Yes, No.

Inquires if  the
household has a
computer. Yes, No.

Establishes the

number of physical

or electronic books

present in the place,

excluding

publications such as

newspapers,

magazines,  phone 0to 10 BOOKS, 11 to 25
directories, or books BOOKS, 26 to 100
from the educational BOOKS, MORE THAN
institution. 100 BOOKS.

Asks how many

times milk or dairy

products (cheese, 1 or 2 times aweek, 3t0 5
yogurt, etc.) are times a week, Rarely or
consumed in the never eat that, Almost
household. every day.

Asks how many

times proteins (meat

[chicken, turkey,

beef, lamb, pork, 1 or2timesaweek,3t05
rabbit, etc.], fish, or times a week, Rarely or
eggs) are consumed never eat that, Almost
in the household. every day.

Asks how many

times cereals (oats,

granola), nuts

(almonds, peanuts),

or legumes (beans, 1 or2times aweek,3t05
chickpeas, lentils) times a week, Rarely or
are consumed in the never eat that, Almost
household. every day.

Inquires about the
economic  situation
of the household in
the immediately

preceding year. Same, Better, Worse.

Do not read for
Asks how much time entertainment, 30 minutes
is  dedicated to or less, Between 30 and

reading for 60 minutes, Between 1
entertainment  per and 2 hours, More than 2
day. hours.

Asks how much time Do not browse the
is spent on the Internet, 30 minutes or
Internet  for non- less, Between 30 and 60
academic activities minutes, Between 1 and 3
per day. hours, More than 3 hours.

Asks how many
hours the examinee 0, Less than 10 hours,
worked during the  Between 11 and 20 hours,
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Variable Description Response Options

week before the Between 21 and 30 hours,

interview. More than 30 hours.
VARIABLES RELATED TO THE EDUCATIONAL INSTITUTION

Refers to the

academic calendar of

the educational

institution to which

the examinee
COLE_CALENDARIO belongs. A, B, OTHER.
Refers to the
geographical
location of the
educational
institution's
COLE_AREA_UBICACION headquarters. RURAL, URBAN.
Specifies the
educational schedule
in which the
examinee is studying SINGLE, = MORNING,
at the educational NIGHT, SATURDAY,
COLE_JORNADA institution. AFTERNOON

Source: Open database of ICFES (https://www.icfes.gov.co/publicacidén-de-datos-abiertosl).

Data

The open database of ICFES for the years 2019 (23,441), 2020 (19,846), 2021 (44,060), and 2022
(42,460) consists of 160,148 records. After cleaning and organizing the database for the study, a total
of 129,087 records remained, representing over 81% of the total. 53% of the records correspond to
females, and 47% to males.

Information Processing - Linear Regression Modeling (Non-significant Multilevel)

To organize the information, we used Microsoft Access® and Excel® software and R® for running
the modeling. The libraries used for the MRLM and MRL algorithms were Ime4 and stats, with the
R-4.3.0 version for Windows®.

We calculated the Intraclass Correlation (ICC) to identify the agreement between the level variable,
which in this case is the georeferencing of students based on their locality (Donner & Koval, 1980).
The Mean Absolute Percentage Error (MAPE) is used to assess the predictive model of Saber 11 test
scores (De-Myttenaere et al., 2016). After running the MRLM model and based on the ICC, we
evaluated the need to run the MRL model.

Results and Discussion

After processing the information with the MRLM, we found that the score variation between localities
is 17.13. The Interclass Correlation (ICC), which measures the agreement due to localities, is 1.54.
Therefore, the score differences do not correspond to the locality of the test takers. Consequently, we
run the linear regression model, which identifies 21 factors.

Linear regression models were run separately for 2019, 2020, 2021, and 2022. We created a combined
database for four years and constructed a global linear regression model. For the linear regression
model, the MAPE is 11.79% for the training dataset (70%) and 11.81% for the remaining 30% test
dataset.
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The variables are described below, grouped according to their affinity.

Gender

In this category, the scores are statistically significant and higher for males than females in each of
the yearly models: 2019 (+9.26), 2020 (+8.55), 2021 (+8.61), 2022 (+9.41), and the global model
(+9). These results confirm previous studies conducted at different educational levels (Beckham et
al., 2023; Ekubo & Esiefarienrhe, 2022; Maisarah-Samsudin et al., 2021; Posada & Mendoza, 2014;
Qazdar et al., 2019), including higher education, where a positive Pearson correlation has been
identified (Ramirez & Teichler, 2014).

Socio-economic Status

Socio-economic stratification is a classification system for residential properties that determines the
allocation of public services and differential billing based on strata. This classification allows for the
allocation of subsidies and contributions according to the economic capacity of each stratum (Alcaldia
de Bogota, 2021). In this way, those with higher economic resources pay more for public services,
which helps lower-strata households cover their bills (Departamento Nacional de Planeacion, 2014).
The main objective of socio-economic stratification is to ensure equitable access to essential public
services such as water, electricity, and natural gas in all residential areas. Establishing different rates
based on socio-economic strata aims to reduce inequalities and support low-income households facing
difficulties in covering the costs of public services (Congreso de Colombia, 1994). This stratification
approach is legally grounded in Colombia and supported by regulations such as Law 142 of 1994,
which establishes the regulatory framework for domiciliary public services, and National Decree 298
of 2014, which regulates socio-economic stratification in the country (Congreso de Colombia, 1994;
Departamento Nacional de Planeacién, 2014).

In summary, socio-economic stratification in Colombia is a system used to differentially allocate and
charge for domiciliary public services to ensure equitable access to these services and support low-
income households. This classification system allows those with higher economic capacity to pay
more for services, enabling lower strata to cover their bills.

In the social and economic aspects of the test-taker population, we grouped some variables present in
the data dictionary: socio-economic stratum, number of people in the household, education level of
both father and mother, and employment status.

Stratum 1 references all variable values in different models (Table 2). Stratum 5 shows the highest
score gain in the global model (+13.38), followed by strata 6 (+11.61) and 4 (+10.77). In the 2019
model, the score of stratum 2 is not significant.

Table 2. Estimated Behavior of the Housing Stratum Variable.

Variable 2019 2020 2021 2022 Global
FAMI_ESTRATOVIVIENDAEStrato 2 1,55* 2,70 2,96 1,67* 2,33
FAMI_ESTRATOVIVIENDAEStrato 3 4,50 411 4,62 2,30 3,75
FAMI_ESTRATOVIVIENDAEsStrato 4 10,77 11,72 13,08 8,31 10,92
FAMI_ESTRATOVIVIENDAEstrato 5 14,13 15,44 14,84 10,39 13,38
FAMI_ESTRATOVIVIENDAEStrato 6 11,61 10,11 12,96 4,61 9,53
FAMI_ESTRATOVIVIENDASIn Estrato -6,01* -9,99 -6,22 -15,41 -10,01

These values are not significant in the corresponding linear regression model.

Source: Own elaboration with R.

In the global model, the number of people in the household and the number of rooms where people
sleep in the household, which are statistically significant, negatively affect the test-takers' scores when
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there are more than five people in the household or when there are more than four rooms in the
household (Table 3).

Table 3. Number of people in the household and rooms where people sleep in the test-takers

household.
Variable 2019 2020 2021 2022 Global
FAMI_PERSONASHOGAR5 a8 2,12 -1,52 -0,68* -0,73* -1,07
FAMI_PERSONASHOGAR9 0 mas | -3,02* -6,08 0,13* -2,92* -2,59
FAMI_CUARTOSHOGAR4 a5 4,77 -5,13 -7,52 -6,55 -6,41
FAMI_CUARTOSHOGAR6 0omas | -8,17 -6,83 -11,97 -15,33 -11,28

These values are not significant in the corresponding linear regression model.
Source: Own elaboration with R.

Regarding the education level of the father (Table 4), the highest scores in the different yearly models
and the global model were for those test-takers whose fathers have a Postgraduate degree, with the
highest increase observed in 2019, prior to the two years of confinement in Colombia due to the
COVID-19 pandemic. We found the same pattern when the father works as an administrative or
professional assistant. In 2019 and 2020, the fact that the father is self-employed in occupations such
as plumber or electrician is not significant, while in 2021, it has a negative impact (-3.24), ultimately
resulting in a negative effect in the global model (-1.90).

Table 4. Values of the Father's Education variable.

Variable 2019 2020 2021 2022 Global
FAMI_EDUCACIONPADRE2 -1,31* 0,26* -1,65* -0,05* -0,74*
FAMI_EDUCACIONPADRE3 0,77* 2,52* 1,71* 1,68* 1,73
FAMI_EDUCACIONPADRE4 1,60* 0,65* 0,43* -0,04* 0,45*
FAMI_EDUCACIONPADRE5S 12,85 10,62 10,96 11,66 11,48
FAMI_EDUCACIONPADREG 12,17 10,51 13,50 13,07 12,75
FAMI_EDUCACIONPADRE7? 8,25 9,92 9,14 10,87 9,75
FAMI_EDUCACIONPADRES 5,50 6,03 2,93* 5,87 4,87
FAMI_EDUCACIONPADRE9 21,79 18,52 22,51 21,31 21,42
FAMI_EDUCACIONPADRE10 -9,62 -2,24* -7,42 2,36* -4,07

These values are not significant in the corresponding linear regression model.
Source: Own elaboration with R.

Table 5 shows in the global model that the mother's education, particularly postgraduate education,
contributes the most to the prediction of test results, followed by complete professional education,
incomplete professional education, and complete technical or technological education. The
contribution to the scores from the father and the mother is similar in the global model, with a
combined contribution exceeding 57 points on the test. In 2020, the model indicated a slightly lower
contribution of around 55 points. In the global model, parents' contribution due to their postgraduate
education exceeds 44 points.

Table 5. Values of the Mother's Education variable.

Variable 2019 2020 2021 2022 Global
FAMI_EDUCACIONMADRE?2 -1,09* -0,39* 0,76* -1,69* -0,60*
FAMI_EDUCACIONMADRE3 3,86 3,86 3,20 3,01 3,38
FAMI_EDUCACIONMADRE4 1,73* 0,90% 0,30* -1,16* 0157
FAMI_EDUCACIONMADRES 16,17 12,90 14,65 12,88 14,07
FAMI_EDUCACIONMADREG6 14,27 11,63 12,75 11,47 12,39
FAMI_EDUCACIONMADRE7 12,76 10,01 11,00 10,18 10,85
FAMI_EDUCACIONMADRES 6,83 6,60 6,05 6,37 6,44
FAMI_EDUCACIONMADRE9 24,93 21,74 22,93 23,81 23,37
FAMI_EDUCACIONMADRE10 -1,85* -7,67 -4,36* -9,11 -5,95

These values are not significant in the corresponding linear regression model.
Source: Own elaboration with R,
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Previous studies indicate that parental education has a direct impact or association (Ramirez &
Teichler, 2014) with students' academic performance in exams (Masci et al., 2018; Posada &
Mendoza, 2014), perhaps due to their ways of interacting with their children or the pressure they exert
on them (Rebai et al., 2019). This study indicates that when both parents have completed their
professional training, the examinees' scores concerning educational parent's level are statistically
significant.

Table 6. Values of the Father's Occupation variable.

Variable 2019 2020 2021 2022 Global
FAMI_TRABAJOLABORPADRE?2 -2,50* 0,88* -3,65 -2,17 -2,18
FAMI_TRABAJOLABORPADRE3 -2,38* -1,91* -3,68 -451 -3,42
FAMI_TRABAJOLABORPADRE4 -6,50 -1,79* -6,40 -6,56 -5,68
FAMI_TRABAJOLABORPADRE5 -3,87* -1,73* -1,36* -3,21 -2,38
FAMI_TRABAJOLABORPADRE6 -3,65% 0,12* -3,71 -3,02 -2,77
FAMI_TRABAJOLABORPADRE? -5,02 -2,91 -7,24 -6,85 -6,03
FAMI_TRABAJOLABORPADRES -1,70* 0,34* -3,24 -1,86 -1,90
FAMI_TRABAJOLABORPADRE9 -5,25 -2,17* -6,20 -6,82 -5,47
FAMI_TRABAJOLABORPADRE10 -7,26 -6,07 -9,51 -9,03 -8,43
FAMI_TRABAJOLABORPADRE11 -4,59 -3,55 -4,80 -4,63 -4,41

These values are not significant in the corresponding multilevel linear regression model.

Source: Own elaboration with R.

The fact that the father works harms the test taker's scores (Table 6). The activities that have the most
negative impact in the global model are when the father works as an administrative assistant (-8.43),
followed by when the father works as a salesperson or in customer service (-6.03), or when the father
Is a business owner, holds a managerial or executive position (-5.68). In the MRL model for 2019 and
2020, most of the father's occupations are not statistically significant, which coincides with the
lockdown period due to the COVID-19 pandemic.

Table 7. Values of the Mother's Occupation variable by year.

Variable 2019 2020 2021 2022 Global
FAMI_TRABAJOLABORMADRE2 -5,43 1,36* -2,93 -2,47 -2,37
FAMI_TRABAJOLABORMADRE3 -3,06* SYER -2,08* 2,51% 15328
FAMI_TRABAJOLABORMADRE4 -4,57 -6,21 -4,32 -6,63 -5,29
FAMI_TRABAJOLABORMADRES -5,18* 4,53* -6,04 -4,64* -3,40
FAMI_TRABAJOLABORMADREG -1,63* 3,08 1,03* 0,24* 0,80*
FAMI_TRABAJOLABORMADRE7 -3,81 -2,42* -2,22 -3,15 -2,68
FAMI_TRABAJOLABORMADRES 1,28* 0,39* 3,43 1,31* 2,03
FAMI_TRABAJOLABORMADRE9 0,57* -0,11* -4,94* -2,93* -2,44*
FAMI_TRABAJOLABORMADRE10 -6,65 -1,76* -4,03 -4,79 -4,30
FAMI_TRABAJOLABORMADRE11 -5,72 -4,92 -6,17 -6,05 -5,79

These values are not significant in the corresponding multilevel linear regression model.

Source: Own elaboration with R

On the other hand, unlike the father's occupations, the mother's occupations (Table 7) negatively
impact the test-takers scores in the global model. The occupations that have the most negative impact
are cleaning, maintenance, security, and construction (-5.79), followed by being a business owner or
holding a managerial or executive position (-5.29). Notice that when the mother is self-employed, it
positively contributes to the test-takers score (+2.03).

Table 8. Values of the Socio-economic Status variable, with the reference value being equal.

Variable 2019 2020 2021 2022 Global
FAMI_SITUACIONECONOMICAMejor -7,64 -4,24 -6,26 -7,55 -6,79
FAMI_SITUACIONECONOMICAPeor 9,10 7,11 6,73 8,26 7,48

Source: Own elaboration with R
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Compared to the previous year, the perception of the test-takers household economic situation (Table
8) appears to affect the scores in the different models when there is variation. When the test-taker
perceives an improvement in the economic situation, their score decreases, while if the situation
worsens, the score increases.

With the above, the fact that parents have certain occupations, such as the father being a business
owner or holding a managerial position, owning a small business, operating machinery or driving a
vehicle, or working as an assistant, among others, and the mother being a business owner, holding a
managerial position, operating machinery or driving a vehicle, working in cleaning, maintenance,
security, or construction, or being retired, negatively affects the scores obtained by students in the
global model, except for the mother's self-employment. The parents' occupations impact a better
economic situation for the test-takers household, negatively contributing to the prediction of the Saber
11 test results. The results coincide partially with the findings of Posada Ramos and Mendoza
Martinez (Posada & Mendoza, 2014), who had warned in their study that parental occupation reduces
test takers' academic achievement.

The family environment becomes a predictive variable for the test-takers scores in the Saber 11 tests,
which aligns with other studies (Ekubo & Esiefarienrhe, 2022; Lisboa- Bartholo & Da-Costa, 2016;
Orjuela, 2014; Posada & Mendoza, 2014; Ramirez & Teichler, 2014; Salal & Abdullaev, 2020;
Wandera et al., 2019), where the presence of parents and the family environment contribute to the
academic performance or achievement of students.

Resources for studying at home.

In the global model that predicts the scores in the Saber 11 tests, variables related to the resources
available for studying at home, such as the internet, computer, and the presence of physical or
electronic books, positively contribute to the scores.

Having internet access ("FAMI_TIENEINTERNETSI") at home for 2019, 2020, and 2022 was not
statistically significant, which coincides with some years of greater confinement due to the COVID-
19 pandemic. However, for the year 2021, having internet access at home contributes to the scores
(+3.81), and in the global model, also there is a positive contribution to the prediction (+1.84)

When the test-taker has a computer at home "FAMI_TIENECOMPUTADORSI," it significantly
contributes to the student's scores in the models for the different years: 2019 (+2.41), 2020 (+3.72),
2021 (+7.92), 2022 (+5.98), as well as the global model (+5.78).

The presence and possibility of interacting with books at home (Table 9) is a factor that positively
contributes to the test-takers scores in the Saber 11 tests. There is a positive and incremental
contribution in the predictive models from 2019 to 2022 and the global model as more books are
available for interaction.

Table 9. Values of the Book variable, with a reference value of 0 to 10 books, 30 minutes or less for
recreational reading, and regarding internet browsing dedication, the reference is no browsing or
browsing less than 30 minutes.

Variable 2019 2020 2021 2022 Global
FAMI_NUMLIBROS11 A 25 LIBROS 5,94 6,57 3,93 4,31 4,70
FAMI_NUMLIBROS26 A 100 LIBROS 13,23 13,62 11,62 11,22 11,89
FAMI_NUMLIBROSMAS DE 100 LIBROS 15,51 17,95 13,30 13,36 14,36
ESTU_DEDICACIONLECTURADIARIAEntre 1y 2 horas 7,09 8,77 9,59 7,32 8,40
ESTU_DEDICACIONLECTURADIARIAEntre 30 y 60 minutos 7,00 6,16 7,68 6,66 7,04
ESTU_DEDICACIONLECTURADIARIAMas de 2 horas 13,58 10,15 13,04 11,06 12,09
ESTU_DEDICACIONLECTURADIARIANO leo por entretenimiento -4,63 -5,20 -4,93 -4,94 -5,01
ESTU_DEDICACIONINTERNETERNtre 1y 3 horas 9,79 10,74 11,19 11,75 11,16
ESTU_DEDICACIONINTERNETEntre 30 y 60 minutos 4,89 6,17 5,09 4,74 5,14
ESTU_DEDICACIONINTERNETMas de 3 horas 7,25 9,06 8,28 9,78 8,77

Source. Self-made with R.
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Study habits contribute to academic achievement measured in the Saber 11 tests, which is consistent
with other studies that have identified the association between study habits and students' academic
performance (Beckham et al., 2023; Ekubo & Esiefarienrhe, 2022; Giannakas et al., 2021).

Moderate Internet browsing in activities other than academic ones contributes to students' scores with
formative elements. This empirical result provides a basis for further research, as some studies have
delved into the potential risk of excessive internet use and addiction among young people (Peris et
al., 2018; Suarez et al., 2022).

Nutrition and Scores

Some previous studies have investigated the relationship between academic performance and
nutrition. The global model, as well as the models for the years 2019, 2020, 2021, and 2022, indicate
that not consuming or rarely consuming proteins derived from fish, eggs, or meat (like chicken, turkey,
beef, lamb, pork, rabbit) does not have statistically significant significance. On the other hand,
excluding "milk and its derivatives" and "cereals, fruits, or legumes" from the diet appears to have a
statistically significant impact on the predictive scores of the Saber 11 tests, according to the 2021
models and the global model.

Table 10. Values of the variables FAMI_COMELECHEDERIVADOS (consumes milk and its
derivatives), FAMI_COMECARNEPESCADOHUEVO (consumes meat, fish, and eggs), and
FAMI COMECEREALFRUTOSLEGUMBRE (consumes cereals, fruits, or legumes).

Variable | 2019 2020 | 2021 | 2022 | Global
FAMI_COMELECHEDERIVADOSS3 -5 times per week 6,79 5,49 5,86 4,75 5,48
FAMI_COMELECHEDERIVADOSNunca — or Rarely or seldom

eat that 5,16 -3,89 |-562 |-3,77 | -3,39

FAMI_COMELECHEDERIVADOSTodos or Almost every day 12,13 | 8,95 8,62 7,30 8,65
FAMI_COMECARNEPESCADOHUEVO3 -5 times per week 2,61 3,53 2,69 0,70* | 2,11
FAMI_COMECARNEPESCADOHUEVONunca - Rarely or 3.19% | -020% | 0.74* | -1.47* | 0,77
seldom eat that

FAMI_COMECARNEPESCADOHUEVOTodos or Almost every
day

FAMI_COMECEREALFRUTOSLEGUMBRE3 - 5 times per
week

FAMI_COMECEREALFRUTOSLEGUMBRENunca or Rarely
or seldom eat that

FAMI_COMECEREALFRUTOSLEGUMBRETodos or Almost
every day

These values are not significant in the corresponding linear regression model.
Source: Self-made with R.

5,94 3,74 4,72 2,80 4,04

3,50 3,83 3,19 4,28 3,74

-0,89* | -1,26* | -494 | -5,62 | -3,95

0,06* | 1,50* | 0,49* | 1,99 1,12

The influence of dietary habits and the possibility of having a diet rich in dairy products, proteins,
fruits, and vegetables impacts academic achievement. This finding is consistent with various studies
that highlight how a healthy diet can contribute to better brain function at different educational levels
(Gimeno-Tena & Esteve-Clavero, 2021; Parra-Castillo et al., 2021; Santos-Holguin & Barros-Rivera,
2022; Taras, 2005; Woodhouse & Lamport, 2012), across different subjects, such as mathematics and
language (Mora et al., 2019).

Further research is needed to understand the relationship between nutrition and academic achievement
in different geographical areas. The new research will help inform social policies and actions that
promote equitable education, closely aligned with the United Nations Sustainable Development Goals
of "Zero Hunger" and "Quality Education."
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Student Employment

Students are sometimes required to work due to their families' economic situation. The predictive
linear models of learning achievement for 2019, 2020, 2021, and 2022 and the global model indicate
that the time spent working is a statistically significant variable with a negative effect (Table 10). This
finding holds even during the period of the COVID-19 pandemic.

Table 11. Values of the variable ESTU_HORASSEMANATRABAJA (student's weekly working
hours), with the reference value being "does not work."

Variable 2019 2020 2021 2022 Global
ESTU_HORASSEMANATRABAIJA -13,31 | -12,57 | -13,28 | -12,54 -12,89
ESTU_HORASSEMANATRABAJA Between 11
and 20 hours. -10,50 | -9,49 -8,80 -12,82 -10,44
ESTU_HORASSEMANATRABAJAMore tan 30
hours -6,98 -1153 | -11,76 | -11,28 -10,75
ESTU_HORASSEMANATRABAJALess tan 20
hours -10,66 | -8,41 -12,21 | -12,01 -11,36

Source: Self-made with R.

The current regulations in Colombia govern the work of minors. According to Pedraza-Avella &
Ribero-Medina (2006), work among adolescent youth hurts their schooling, increasing grade
repetition rates and negatively affecting their health. From a social and political perspective, the
implications of child and youth labor on educational quality should be considered, with an
understanding that child and youth labor, as defined by the International Labour Organization, refers
to activities that do not compromise their health, personal development, or educational attainment.

The Institution

Regarding the characteristics of the educational offerings provided by the institution and its location,
the B-type schedule obtains higher scores than the A-type schedule in the predictive linear regression
models for scores in 2019 (+26.31), 2020 (+18.84), 2021 (+23.98), 2022 (+18.06),

and the overall model (+21.77). Institutions classified as schedules other than A or B only show a
statistically significant difference during 2019 (-11.09) and 2022 (-7.22) models. The COVID-19
pandemic does not show variations in scores across different models, except for those institutions that
do not fall under the A or B schedule.

Urban institutions may contribute higher scores than rural institutions. This situation is evident in the
linear model for the years 2019 (+9.99), 2020 (+16.55), 2021 (+13.79), 2022 (+8.79), and the overall
model (+11.53). The years with the most negative impact on scores for rural areas coincide with the
COVID-19 pandemic. It is worth noting that during confinement, due to the pandemic, interactions
(student-student, teacher-teacher, student-teacher) were limited for those in rural areas due to
deficiencies in the means utilized.

The Colombian education system, addressing coverage issues since the 1960s, has established three
educational sessions: morning (30 Hours per Week [HPW]), afternoon (30 HPW), and evening (17.5
HPW). Additionally, as mentioned above, a Saturday session is available for a specific population
whose daily schedule does not allow session attendance. Since 2017, Colombian regulations have
included the concept of a unified session across different educational levels (preschool [25 HPW],
primary [30 HPW], secondary, and high school [35 HPW]), allowing students to spend more time in
the educational institution to engage in various learning activities (Bocanegra-Acosta & Huertas-
Bustos, 2018).

According to the predictive linear regression model of the Saber 11 tests, students in the afternoon
session do not show statistically significant differences compared to students in the morning session
(Table 12). However, students in the evening or Saturday sessions are negatively affected. Students
in public sessions positively impact scores, with a +15.31 effect in the overall model.
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Table 12. Values of the variable COLE_JORNADA (school session), with the reference being
COMPLETE or MORNING.

Variable 2019 2020 2021 2022 Global
COLE_JORNADANOCHE -20,62 -18,03 -15,22 -15,73 -16,92
COLE_JORNADASABATINA -16,35 -20,35 -16,91 -16,09 -16,90
COLE_JORNADATARDE 1,19* -0,83* -1,81 1,02* -0,22*
COLE_JORNADAUNICA 15,91 11,75 14,95 16,95 15,31

Source: Self-made with R.

The above findings indicate that the time students dedicate to their education during the school session
impacts the results of the Saber 11 tests. Based on the findings presented here, the educational policy
of transitioning to a unified session anticipates improved scores in standardized tests.

Conclusions

The current study provides empirical evidence that the COVID-19 pandemic has hurt rural
communities with limited access to information and communication technologies. These findings
suggest that the educational gap has widened among disadvantaged population groups.

Students from socio-economic strata 1 and 2, whose parents have jobs with specific schedules, exhibit
lower results in the Saber 11 tests than those whose parents are also employed but belong to higher
socio-economic strata. This situation is worst when students from these lower socio-economic strata
must work to support their families. Therefore, students from lower socio-economic strata, whose
parents have jobs with specific schedules and who also need to work to support their families, face
multiple challenges that have long-term implications for their academic and socio-economic
development.

Firstly, the combination of work and academic responsibilities can negatively affect the academic
performance of these students. Balancing work and studies may result in less time and energy
dedicated to learning, as can be reviewed in lower scores in the Saber 11 tests. In this sense, they can
limit their opportunities for higher education and secure better-paying jobs.

Additionally, the need to work to support families from lower socio-economic strata can lead to
reduced availability of economic resources to invest in the education of these students. The situation
results in a lack of access to educational materials, extracurricular programs, and tutoring, negatively
impacting their academic development and ability to compete equally with students from higher
socio-economic strata.

These difficulties can perpetuate socio-economic inequality over time. Suppose students from lower
socio-economic strata fail to achieve strong academic outcomes and access better educational and
employment opportunities. In that case, they will likely remain trapped in poverty and socio-economic
disadvantage, with limited prospects for upward social mobility.

Finally, the long-term implications of low scores in the Saber 11 tests for the lower socio-economic
strata population are worst when these students also have to work to support their families. It is crucial
to address these structural inequalities and provide additional support to these students in terms of
educational resources and policies that promote more favorable working conditions to break the cycle
of socio-economic disadvantage and open development opportunities for this population.
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