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Efforts to understand student performance have long been a highly-
researched topic in the field of applied education computing. Current
research in the field still places its focus on understanding and
analyzing student performance using definitive variables such as the
student’s scores and their cognitive capabilities, which by themselves
already explain the student’s performance. The great diversity of
Indonesian culture, which includes people from a wide range of
socioeconomic origins, makes it all the more surprising that so little
research has been done to examine the hidden socioeconomic aspects
that may affect student performance. Research conducted on a single
school may not be generalizable because of the diversity among them
in terms of the elements that affect students' academic outcomes. In
this investigation, we employ a causal modelling strategy thatis data-
driven to examine academic achievement. Data was retrieved from a
public junior high school in Bali, Indonesia, and then processed with
the Non-combinatorial Optimization via Trace Exponential and
Augmented lagRangian for Structure Learning (NOTEARS) and
Bayesian Network algorithm in order to discover a latent causal
structure and the effect between variables discovered from the
structure. Findings show that the average skill score of a student is
significantly influenced by the distance from school, the education
level and income of parents, and their place in the family. Meanwhile,
the average knowledge score is mainly influenced by the average
skill score, the order in the family, and the parent’s income level. The
results of the study also show potential for practical implications
where schools, researchers, and governments, can rethink their
approach to education by analyzing data with the proposed
approach. The limitations of this study include the quality of data to
discover patterns and the limited number of variables used to study
student performance factors. Future research may consider the use of
more holistic, complete variables in order to discover more insights
regarding student performance.
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1. INTRODUCTION

Understanding the factors that influence student performance has long been an interest of
education researchers (Fleming & Malone, 1983; Rajagukguk, 2021; Rebai et al., 2020; Sandra et al., 2021).
The main aim is to discover strategies to improve student learning performance (D. Liu et al., 2020;
Rajagukguk, 2021), predict achievement (Anderkova et al., 2022; Bendangnuksung & Prabu, 2018; Data
etal., 2021), and to determine appropriate managerial strategies in creating an ecosystem that can enhance
performance (Albreiki et al., 2021; Bunce et al., 2017; Deng et al., 2019). So far, it has been found that socio-
economic factors have an association with student achievement (Fleming & Malone, 1983; Ramaswami &
Rathinasabapathy, 2012; Rebai et al., 2020). However, with the abundant data on students, most research
has not used data-driven causal modelling approaches in an attempt to discover causality, rather than
only associations, between variables (Anderkova et al., 2022; Ramaswami & Rathinasabapathy, 2012).

Previous research has explored a similar data-driven approach. In response to the challenges in
predicting student performance, Ramaswami & Rahinasabapathy (2012) used a Network Augmented
with Tree (TN) and a Bayesian Network approach (Ramaswami & Rathinasabapathy, 2012). Using six
thousand data from three districts in India, which contained variables including the student’s test scores,
gender, body mass index (BMI), disability status, eating habits, living conditions, number of siblings,
status in the family, vehicle ownership, parent profile, and school profile (Ramaswami &
Rathinasabapathy, 2012). It was found that the discretization of test values into two categories, namely
pass and fail, resulting in a model with higher accuracy than other discretization schemes (Ramaswami
& Rathinasabapathy, 2012). Students” performance depended on the suitability of the residence, daily
scores, the number of siblings, the type of transportation used, the type of outdoor sport preferred, and
the father’s income (Ramaswami & Rathinasabapathy, 2012).

Although Ramaswami & Rathinasabapathy's (2012) study has shown that socio-economic factors
have an influence on student performance (Ramaswami & Rathinasabapathy, 2012), the study has not
reported the effect or conditional probability distributions of the student’s test scores, given the conditions
of other variables. Furthermore, counterfactual or intervention analysis to view the effects of an
intervention on certain variables of performance has also not been conducted. Also, as the study was only
done on specific Indian schools, its verifiability and applicability in other schools that may or may not be
in other countries are questionable.

Current research in the field of student performance still focuses on characterizing or predicting
student performance based on definitive or concrete variables such as students’ scores and capabilities,
which by themselves can already be used to explain student performance. Little research has been done
to understand student performance based on the student’s socio-economic background, especially so in
Indonesia. This is very unfortunate, as in Indonesia, with thousands of islands and diverse cultures,
differing socio-economic backgrounds in various schools are a norm and can be very well related to each
individual student’s performance.

This study presents a data-driven framework of analysis using the Non-combinatorial
Optimization via Trace Exponential and Augmented lagRangian for Structure learning (NOTEARS) and
Bayesian network algorithm to provide deeper insights into the causality relationship between a student’s
performance and socio-economic factors. It also presents each variable's effect on the student’s
performance through the conditional probability distributions, which are then further analyzed and
verified using intervention analysis. Using the proposed framework, schools and researchers alike are
able to analyze their own case studies in order to discover insights and drive personalized strategic
decisions to improve student performance. Furthermore, the results of this research have practical
implications for government regulations, specifically for educational policies. Through the analysis,
governments can, for example, personalize subsidies and create education programs for students with
certain socio-economic backgrounds to improve their performance.

Students’ performance is generally understood as an outcome of the learning process (Jihad,
2009; Sukmadinata, 2005). It is of general consensus that student performance is influenced and also
influences various, such as their self-confidence and learning motivation (Park & Kim, 2022), leadership
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styles of principals and teachers (Gilimiis et al., 2022), socio-economic conditions (Bosch et al., 2021),
gender (Alanzi, 2018), and self-regulation ability (Park & Kim, 2022). Besides latent factors, various
statistical and machine learning approaches have also been proposed, such as the clustering of student
characteristics and their performance (Helal et al., 2018; Tinuke Omolewa et al., 2019), classification of
student’s performance based on their characteristics, (Helal et al., 2018; Maheswari et al., 2021), and
even the incorporation of social media analysis of students in relation to their performance
(Dzogbenuku et al., 2022). However, noting that every student and every school are inherently diverse
(Fleming & Malone, 1983), efforts to understand student performance can be made based on data
instead (Anderkova et al.,, 2022; Y. Liu et al.,, 2021; Ramaswami & Rathinasabapathy, 2012). One
approach is the data-driven construction of Bayesian networks (Ramaswami & Rathinasabapathy, 2012;
Zheng et al., 2018) using various data obtained through educational data mining (Hernandez-Blanco et
al., 2019; Injadat et al., 2020).

Previous studies have extensively explored the use of Bayesian networks for student
performance. It is shown that bayesian networks effectively predict students’ performance and discover
each student's weaknesses and strengths(Xing et al., 2021). In addition, bayesian networks are also used
to classify student learning achievements (Sundar, 2013), predict performance based on one’s activities
on a Massive Open Online Course (MOOC) platform (Hao et al., 2022), and automate assessment results
(Xing et al., 2021). Bayesian networks are typically represented as a Directed Acyclic Graph (DAG),
with nodes denoting entities and edges denoting the connections between those entities (Kim & Jun,
2013; Wilson et al., 2016; Yakymenko et al., 2020). This approach is used to discover potential causal
relationships with little-to-no theoretical basis through data (Yakymenko et al., 2020; Zheng et al., 2018).
Bayes’ theorem, the foundational theorem for Bayesian networks, is founded on the formula:

P(B|A)P(A)
P(A|B) = O
where P(A) is the probability of A, P(B) is the probability of B occurring, P(B|A) is the probability of B
occurring given A, and P(A|B) is the probability of A occurring given B (posterior probability) (Kim &
Jun, 2013; Wilson et al., 2016; Yakymenko et al., 2020; Zheng et al., 2018).

Data availability in the digital era has made the implementation of Bayesian networks relevant
to understanding the causal relationship behind the data (Mueller-Langer et al., 2020; Yakymenko et
al., 2020; Zheng et al., 2018). Previous studies have attempted to find the relationship between variables
in the context of student performance. However, none have used national education data to facilitate
differences in the characteristics of each school. Researchers have made numerous attempts to
determine a causal structure from data (Kuleshov and Ermon, 2021). However, all of these algorithms
confront difficulties when attempting to estimate the structure of the directed acyclic graph (DAG)
(Zheng et al., 2018). Due to the combinatorial nature of the DAG search space, the computing effort
calls for resources that scale super exponentially with node or variable additions (Zheng et al., 2018).
Therefore, the NOTEARS approach was used because the amount of processing required grows
cubically rather than exponentially. Additionally, it has been demonstrated that its effectiveness and
convenience of use outperform earlier approaches (Zheng et al., 2018).

Non-combinatorial Optimization via Trace Exponential and Augmented lagRangian for
Structure learning (NOTEARS) is a score-based, structure learning algorithm used to discover directed
acyclic graphs (DAGs) or Bayesian networks from data. It attempts to solve the problem of current
structure learning methods, which are combinatorial in nature and requires computational resources
that scale super exponentially with the growth in nodes. NOTEARS offers a new approach for score-
based learning, where it transforms the original combinatorial optimization problem (see left of Figure
1) into a continuous optimization problem (see right of Figure 1) that avoids the combinatorial
constraint (Zheng et al., 2018).
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min F(W) min F(W)
WeRdxd e WeRdxd
subject to G(W) € DAGs subjectto h(W) = 0,

Figure 1. DAG Optimization Problem Equation (Zheng et al., 2018)

Where d is the number of nodes, F(W) is a score function, G(W) is the graph representation of the
weighted adjacency matrix W with d nodes, and / is a smooth function over real matrices R4, where
when its level is set at zero characterizes acyclic graphs. By eliminating the combinatorial constraint,
the structure of a DAG can be learned without traversing through the combinatorial space of DAGs.
Furthermore, this allows for the use of standard numerical algorithms making implementation
effortless. The continuous problem is then solved using the augmented Lagrangian method, which
breaks the constrained problem into a series of unconstrained subproblems. These subproblems are
then solved efficiently through standard numerical algorithms such as the Limited-memory Broyden-
Fletcher-Goldfarb-Shanno (L-BFGS) algorithm (Zheng et al., 2018).

2. METHODS

The following figure describes the steps used in the implementation of this study.

. Dstaset olecton: | PRRLTImOC NS | St Causol
Re Sauth Kut:g encoding, feature Data-driven Causal
selection Graph Discovery
Oiscover the sectof || Baveslan Network
END - Final Inference - . . Modeling:
interventions of a variable CPD discove
on a variable i

Figure 2. Illustration of the proposed methodology

The study begins with retrieving education data from Dapodik, an integrated nationwide data
collection system used by the Ministry of Education in Indonesia. The data used for this study is data
from a junior public high school in Bali. In order to guarantee that only clean data is utilized for analysis,
data preprocessing is done after data collection. This includes removing empty values, encoding non-
numerical variables into their numeric form, and feature selection. The NOTEARS algorithm is then
used to analyse the preprocessed data for a structural causal modelling analysis. A Bayesian network
model is then constructed using the generated causal structure to assess each variable's conditional
probability distribution (presumably the effect) onto other variables. The model is then used to conduct
interventions in order to determine how a change in a variable will affect other variables. The Python
programming language and open-source libraries such as pandas, numpy, and causalnex were used to
conduct all data preprocessing and analyses.

3.  FINDINGS AND DISCUSSION

3.1 Dataset Collection

In order to develop a causal model based on Dapodik, data collection has been carried out from
a junior high school in Bali. The name of the school is not disclosed in order to protect the anonymity
of the school. Overall, the total number of data collected is 292. The data to be used are students’ identity
(position in the family, whether they have special needs), socio-economic (distance from school,
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parental data such as parent’s education level, occupation, and income), and student achievement. The

following table describes the variables used in detail.

Table 1. Dataset Variables

Variable

Description

Jenis Tinggal (Staying With)

Who the student is staying with. It can be
either parents or guardians.

Penerima  Kartu  Perlindungan Whether the student has received the
Nasional (National Protection Card national protection card.
Recipient)

Penerima Kartu Indonesia Pintar
(Smart Indonesian Card Recipient)

Whether the student has received the
smart Indonesian card.

Kebutuhan Khusus (Special Needs)

List of the student’s special needs.

Anak ke-Berapa (Child Order in the
Family)

Self-explanatory.

Tinggi Badan (Height)

Self-explanatory.

Berat Badan (Weight)

Self-explanatory.

Jarak Rumah ke Sekolah (km)
(Distance School in
kilometers)

from

Self-explanatory.

Identitas Ayah — Tahun Lahir (Father
Identity — Year of Birth)

Self-explanatory.

Identitas Ayah — Jenjang Pendidikan
(Father Identity — Education)

Self-explanatory.

Identitas Ayah — Penghasilan (Father
Identity — Income)

Self-explanatory.

Identitas Ayah — Berkebutuhan
Khusus (Father Identity — Special
Needs)

List of the student’s father's special
needs.

Identitas Ibu — Tahun Lahir (Mother
Identity — Year of Birth)

Self-explanatory.

Identitas Ibu — Jenjang Pendidikan
(Mother Identity — Education)

Self-explanatory.

Identitas Ibu — Penghasilan (Mother
Identity — Income)

Self-explanatory.

Identitas Ibu — Berkebutuhan Khusus
(Mother Identity — Special Needs)

List of the student’s mother's special
needs.

Identitas Wali — Tahun Lahir
(Guardian Identity — Year of Birth)

Self-explanatory.

Identitas Wali — Jenjang Pendidikan
(Guardian Identity — Education)

Self-explanatory.

Identitas  Wali -  Penghasilan  Self-explanatory.

(Guardian Identity — Income)

Identitas  Wali —  Berkebutuhan Self-explanatory.

Khusus (Guardian Identity -

Special Needs)

Riwayat  Kesejahteraan — Jenis List of wellness benefits given to the
Kesejahteraan ~ (Wellness Benefit student.

History — Type of Benefit)

Riwayat Beasiswa — Jenis Beasiswa
(Scholarship History — Type of
Scholarship)

List of scholarships given to the student.

Nilai Sikap Sosial (Social Attitude
Score)

Self-explanatory.
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Variable Description
Nilai  Sikap  Spiritual ~ (Spiritual ~ Self-explanatory.
Attitude Score)
Nilai Rata-rata Pengetahuan  Self-explanatory.
(Average Knowledge Score)
Nilai  Rata-rata  Keterampilan ~ Self-explanatory.
(Average Skill Score)

3.2 Dataset Preprocessing

Drop Unvarying

2 Features

—» Null Column Dropping —» One-hot Encoding —» Ordinal Encoding —»

Drop Highly Correlated

Features

END

Figure 3. Preprocessing Steps

The collected data is then preprocessed through several procedures to ensure it is ready for
modelling. Columns with a relatively large number of incomplete values are discarded first. After that,
non-ordinal categorical data were transformed into their numeric form using the one-hot encoding
process, where each to-be-encoded variable is replaced with the creation of a binary variable for each
possible value of the variable. Ordinal categorical data, such as income levels, were converted in their
respective order. As variables with a very high correlation (>0.8) can be represented by one or the other,
removing highly correlated features was also done to reduce the computational complexity. The
following table shows the final variables used from the dataset after preprocessing was conducted.

Table 2. Preprocessed Variables

Variable Status Reason for Non-use
Jenis Tinggal (Staying With) Notused The variable’s value did not vary as all students stayed
with their parents.
Penerima Kartu Notused The variable’s value did not vary as all students did not
Perlindungan Nasional receive the national protection card.
(National Protection Card
Recipient)
Penerima Kartu Indonesin Notused  The variable’s value did not vary as all students did not
Pintar (Smart Indonesian receive the smart Indonesian card.
Card Recipient)
Kebutuhan Khusus (Special Notused The variable’s value did not vary as all students did not
Needs) have any special needs.
Anak  ke-Berapa  (Child Used N/A
Order in the Family)
Tinggi Badan (Height) Used N/A
Berat Badan (Weight) Used N/A
Jarak Rumah ke Sekolah (km) Used N/A
(Distance from School in
kilometers)
Identitas Ayah — Tahun Lahir  Used N/A

(Father Identity — Year of
Birth)
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Variable

Status

Reason for Non-use

Identitas Ayah — Jenjang
Pendidikan (Father Identity
— Education)

Used

N/A

Identitas Ayah — Penghasilan
(Father Identity — Income)

Used

N/A

Identitas Ayah -
Berkebutuhan Khusus
(Father Identity — Special
Needs)

Used

N/A

Identitas Ibu — Tahun Lahir
(Mother Identity — Year of
Birth)

Used

N/A

Identitas Ibu — Jenjang
Pendidikan (Mother
Identity — Education)

Used

N/A

Identitas Ibu — Penghasilan
(Mother Identity — Income)

Used

N/A

Identitas Ibu — Berkebutuhan
Khusus (Mother Identity —
Special Needs)

Used

N/A

Identitas Wali — Tahun Lahir
(Guardian Identity — Year
of Birth)

Not used

The variable’s value was not used as all students stayed
with their parents. Therefore, guardian-related columns
were empty.

Identitas Wali — Jenjang
Pendidikan (Guardian

Identity — Education)

Not used

N/A

Identitas Wali — Penghasilan
(Guardian  Identity -
Income)

Not used

N/A

Wali -
Berkebutuhan Khusus
(Guardian  Identity -
Special Needs)

Identitas

Not used

N/A

Riwayat
Jenis
(Wellness Benefit History —
Type of Benefit)

Kesejahteraan — —
Kesejahteraan

Not used

The values for this variable did not vary as all students
received a health guarantee for benefits.

Riwayat Beasiswa — Jenis
(Scholarship
Type  of

Beasiswa
History -
Scholarship)

Not used

The values for this variable did not vary as all students
did not receive any type of scholarship.

Nilai Sikap Sosial (Social
Attitude Score)

Used

N/A

Nilai Sikap Spiritual
(Spiritual Attitude Score)

Used

N/A

Nilai Rata-rata Pengetahuan
(Average Knowledge
Score)

Used

N/A
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Variable Status Reason for Non-use
Nilai Rata-rata Keterampilan Used N/A
(Average Skill Score)

3.3 Structural Causal Modeling

After the data has been preprocessed, the data is now ready to be used in order to find the
causal relationship between variables through causal modelling. The causal modelling approach used
in this study is causal structure learning analysis using the NOTEARS algorithm to create a causal
relationship structure graph (see Figure 3).

o

Figure 4. Causal graph structure of students’ performance

Figure 3 shows that there is one dependent or most influenced variable, namely the average
knowledge score. Attitude-related scores were not included in the model as their effect on other
variables, and the effect of other variables on the attitude-related score is insignificant. This may be
because all of the students received a B predicate for the attitude-related scores, making the values
unvarying and, thus, the reason why it had no effect. Returning to the average knowledge score, we
find that the mother's income strongly influences it, the average skill score, and the student's position
in the household. Indirect factors include the student's father's income (through the mother's income),
the student's parents' education levels (through the student's average skill score), and the students'
parents' relative positions in the family (through the student's average skill score).

Other than that, the average skill score is directly influenced by the distance from school, the
student’s order in the family, and both parents” educational level and income. An interesting finding
from this is that, firstly, the model is able to capture previously confirmed relationships, such as the
influence of parents' educational level and income on the student’s performance. Also, here, it can be
seen that the average skill score becomes an important mediator for various variables in improving the
average knowledge score. This indicates that in the case of data from the school used in this study,
students' skills significantly influence their knowledge.
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3.4 Bayesian Network Modeling

A Bayesian network model was then constructed based on the created structure to examine the
effect of each variable in the structure on student performance. Values that are continuous or have a
very wide range of possible values were first discretized into the two categories of low and high because
the library used to build the Bayesian network only supports discrete values. Each variable's
conditional probability distributions (CPD) were mapped using the Bayesian network model after the
data had undergone discretization, and the relationship between the variables was imposed using the
built causal relationship model. Furthermore, interventions were conducted to discover how a change
in one variable will affect the student’s performance.

Figure 4 shows the CPD for the average knowledge score variable. It was found that the
average knowledge score had the highest probability of being categorized as high if the average skill
score was high, the mother’s income was high, and if the student was the oldest child in the family (see
Figure 4), with a CPD of 83,5%. This indicates that the eldest child or older child tends to have better
knowledge scores and shows how the income of a student’s parents plays a significant role in their
performance. Furthermore, this also indicates that the youngest child tends to have a better average
skill score.

CPD of: nilai_rata_rata_pengetahuan

anak_ke_berapa High Low
identitas_ibu_penghasilan High Low High Low
nilai_rata_rata_keterampilan High Low High Low High Low High Low

nilai_rata_rata_pengetahuan

High 0.666667 0.4 0.714286 0.333333 0.835821 0.10101 0.766667 0.049383

Low 0.333333 0.6 0.285714 0.666667 0.164179 0.89899 0.233333 0.950617

Figure 5. CPD of average skill score

It also appears that efforts to increase the average skill score need to be prioritized for students
that are the eldest child in their families. Meanwhile, for the youngest child, various skill-based learning
activities can be prioritized or further improved as it will significantly increase their knowledge score.
Another finding in this study is that the higher the level of education and the higher the income of
parents, the greater the chance that students that are the youngest child will get a high average skill
score. The student’s distance from school also plays a significant role, where the closer the student’s
house is to the school, the higher the chances of the student having a higher average skill score (see
Figure 5).
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Figure 6. CPD of average knowledge score
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Figure 5 also shows that for students that are the eldest child, the parent’s education level does not
significantly affect the average skill score; however, the parent’s income still significantly affects the
average skill score. Also, the distance from home does not significantly affect the average skill score.

3.5 Interventions

The constructed Bayesian network model was also used to query data with various
interventions (counterfactual analysis) to gain more insights. The goal of the intervention was to
calculate the likelihood that each variable would fall into the very high category if another variable
were set to high (100% probability; see Table 3). The formula P(Yldo(X)), which represents the
probability distribution of Y given X is set to a specific value, provides the foundation for the
probability calculation used in the intervention.

Table 3. Comparison of probabilities pre- and post-intervention

Pre- : q
. . Post-intervention
Intervened Variable Variable 1nterveflf1f)n Probabilities (Very
Probabilities High)
(Very High)
Anak ke-Berapa (Child Anak ke-Berapa (Child 0,4% 100%
Order in the Family) Order in the Family)
Nilai Rata-rata 35,6% 54,1%
Pengetahuan (Average
Knowledge Score)
Nilai Rata-rata 37,3% 52,6%
Keterampilan (Average
Skill Score)
Jarak Rumah ke Sekolah 0,8% 0,8%
(Distance to School)
Identitas Ayah - Jenjang ~ 15,4% 15,4%
Pendidikan (Father
Identity — Education)
Identitas Ibu - Jenjang 10,4% 10,4%
Pendidikan (Mother
Identity — Education)
Identitas Ayah - 86,9% 86,9%
Penghasilan (Father
Identity — Income)
Identitas Ibu - 59,8% 59,8%
Penghasilan (Mother
Identity — Income)
Jarak Rumah ke Sekolah ~ Anak ke-Berapa (Child 0,4% 0,4%
(km) (Distance to Order in the Family)
School) Nilai Rata-rata 35,4% 45,2%
Pengetahuan (Average
Knowledge Score)
Nilai Rata-rata 37,3% 50,4%
Keterampilan (Average
Skill Score)
Jarak Rumah ke Sekolah 0,8% 100%
(Distance to School)
Identitas Ayah - Jenjang ~ 15,4% 15,4%
Pendidikan (Father

Identity — Education)
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Intervened Variable

Variable

Pre-
intervention
Probabilities

(Very High)

Post-intervention
Probabilities (Very

High)

Identitas Ibu - Jenjang
Pendidikan (Mother
Identity — Education)

10,4%

10,4%

Identitas Ayah -
Penghasilan (Father
Identity — Income)

86,9%

86,9%

Identitas Ibu -
Penghasilan (Mother
Identity — Income)

59,8%

59,8%

Identitas Ayah - Jenjang
Pendidikan (Father
Identity — Education)

Anak ke-Berapa (Child
Order in the Family)

0,4%

0,4%

Nilai Rata-rata
Pengetahuan (Average
Knowledge Score)

35,4%

45,0%

Nilai Rata-rata
Keterampilan (Average
Skill Score)

37,3%

50,5%

Jarak Rumah ke Sekolah
(Distance to School)

0,8%

0,8%

Identitas Ayah - Jenjang
Pendidikan (Father
Identity — Education)

15,4%

100%

Identitas Ibu - Jenjang
Pendidikan (Mother
Identity — Education)

10,4%

10,4%

Identitas Ayah -
Penghasilan (Father
Identity — Income)

86,9%

86,9%

Identitas Ibu -
Penghasilan (Mother
Identity — Income)

59,8%

59,8%

Identitas Ibu - Jenjang
Pendidikan (Mother
Identity — Education)

Anak ke-Berapa (Child
Order in the Family)

0,4%

0,4%

Nilai Rata-rata
Pengetahuan (Average
Knowledge Score)

35,4%

35,2%

Nilai Rata-rata
Keterampilan
(Average Skill Score)

37,3%

36,7%

Jarak Rumah ke Sekolah
(Distance to School)

0,8%

0,8%

Identitas Ayah - Jenjang
Pendidikan (Father
Identity — Education)

15,4%

15,4%

Identitas Ibu - Jenjang
Pendidikan (Mother
Identity — Education)

10,4%

100%

Identitas Ayah -
Penghasilan (Father
Identity — Income)

86,9%

86,9%
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Pre- - ;
. . Post-intervention
Intervened Variable Variable lnterve?flf)n Probabilities (Very
Probabilities High)
(Very High)
Identitas Ibu - 59,8% 59,8%
Penghasilan (Mother
Identity — Income)
Identitas Ayah — Anak ke-Berapa (Child 0,4% 0,4%
Penghasilan (Father Order in the Family)
Identity — Income) Nilai Rata-rata 35,4% 36,3%
Pengetahuan (Average
Knowledge Score)
Nilai Rata-rata 37,3% 37,9%
Keterampilan
(Average Skill Score)
Jarak Rumah ke Sekolah 0,8% 0,8%
(Distance to School)
Identitas Ayah - Jenjang ~ 154% 15,4%

Pendidikan (Father

Identity — Education)

Identitas Ibu - Jenjang 10,4% 10,4%
Pendidikan (Mother

Identity — Education)

Identitas Ayah - 86,9% 100%
Penghasilan (Father

Identity — Income)

Identitas Ibu - 59,8% 59,8%
Penghasilan (Mother

Identity — Income)

Identitas Ibu — Anak ke-Berapa (Child 0,4% 0,4%
Penghasilan (Mother Order in the Family)
Identity — Income) Nilai Rata-rata 35,4% 40,4%

Pengetahuan (Average
Knowledge Score)

Nilai Rata-rata 37,3% 40,8%
Keterampilan

(Average Skill Score)

Jarak Rumah ke Sekolah 0,8% 0,8%
(Distance to School)

Identitas Ayah - Jenjang ~ 154% 15,4%

Pendidikan (Father

Identity — Education)

Identitas Ibu - Jenjang 10,4% 10,4%
Pendidikan (Mother

Identity — Education)

Identitas Ayah - 86,9% 86,9%
Penghasilan (Father

Identity — Income)

Identitas Ibu - 59,8% 100%
Penghasilan (Mother

Identity — Income)

Anak ke-Berapa (Child 0,4% 0,4%
Order in the Family)
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Pre- . q
. . Post-intervention
Intervened Variable Variable 1ntervef1f1f)n Probabilities (Very
Probabilities High)
(Very High)
Nilai Rata-rata Nilai Rata-rata 35,4% 80,2%
Keterampilan (Average  Pengetahuan (Average
Skill Score) Knowledge Score)
Nilai Rata-rata 37,3% 100%
Keterampilan
(Average Skill Score)
Jarak Rumah ke Sekolah 0,8% 0,8%
(Distance to School)
Identitas Ayah - Jenjang ~ 15,4% 15,4%

Pendidikan (Father

Identity — Education)

Identitas Ibu - Jenjang 10,4% 10,4%
Pendidikan (Mother

Identity — Education)

Identitas Ayah - 86,9% 86,9%
Penghasilan (Father

Identity — Income)

Identitas Ibu - 59,8% 59,8%
Penghasilan (Mother

Identity — Income)

When the child order variable is intervened so that all students were the youngest child in the
family, a significant increase in the probability of a higher average knowledge value and average skill
score can be seen. Relating to the results found in the causal structural graph presented in Figure 3 and
the CPD shown in Figure 4, it can be concluded that this increase is due to students who are “younger”
in their families have a tendency to score well in the average skill scores, which directly affects the
average knowledge score, thus explaining the large increase in both probabilities. The student’s home
distance from school also has an influence on their performance. For students whose house-to-school
distance is shorter, the probability of their performance increasing is positively influenced, shown by
an increase of 9.8% for the average knowledge score and 13.1% for the average skill score probabilities
being high.

The educational level of a student's father also appears to significantly influence student
performance. As seen in Table 3, there is an increase of 9.6% in the probability of the average knowledge
score being very high and 13.7% for the average skill score. However, a different influence is found in
the student’s mother's education level. It is shown that there is no effect, and instead a decrease in the
probability of students achieving high performance, by -0.2% and -0.6% for the average knowledge and
skill scores, respectively. This is interesting because it contradicts the previous research findings by
Ramaswami & Rathinasabapathy's (2012) study, which showed that both parents” educational levels
should positively influence students’ performance. This goes to show that every school in differing
locations may have differences in the influence of each variable on the student’s performance. This also
implies that each school, ideally, should and can analyze data using the same proposed approach in
order to build better learning approaches suitable for their students.

Next, the parental income of both parents seems to also positively influence student
performance. As seen in the table, a higher father’s income increases the probability of the student
achieving high performance by 0,9% and 0,6% for the average knowledge score and average skill score,
respectively. On the other hand, a higher mother's income increases the chance of higher performance
by 5% and 3,5%, which is a significant increase when compared to the father’s income. This may imply
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that in regard to parental income, the mother’s role in the school used in this study is of more
importance than the father's.

It was also found that the intervention on the average skill score significantly influences the
probability of the student getting a high average knowledge score, with a 44,8% increase from 35,4% to
80,2%. The average skill score can therefore be seen as an important variable that should be improved
in order to significantly increase the average knowledge score and, in general, student performance.
This finding contributes to the existing literature, which shows that not only do socio-economic factors
influence student performance, but performance-related variables might affect one another as well. The
question is, therefore, “why” and “how” the interrelated performance variable affect each other can be
answered through future research.

4. CONCLUSION

The findings of this study showed that the average skill score is the main mediator in influencing
the average knowledge score. Attitude values which are also part of the student’s competence factors,
do not significantly contribute to the causal model because the values used from the dataset were
unvarying. This is unfortunate because an understanding of the causal relationship involving the
attitude values of students cannot be found. The limitations of quality of the data processed and the
usage of selected variables of student profiles and their family backgrounds are also limitations of this
study.

In order to improve future analysis, schools may consider improving the implementation of
assessment of knowledge, skills, and attitudes strategies so that further insight can be found. Future
research can also consider the use of more diverse data, including variables related to the profile of
teachers. This needs to be done to find out how the influence between teacher profiles and student
performance based on data. Another thing that needs to be developed is the preparation of a model
that schools can use to facilitate the diversity of data for each school; to discover causal relationships
between variables in the data owned by each individual school.
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