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Introduction: Self-efficacy is a critical determinant of students’ academic
success and overall life outcomes. Despite its recognized importance, research
on predictors of self-efficacy using machine learning models remains limited,
particularly within Muslim societies. This study addresses this gap by leveraging
advanced machine learning techniques to analyze key factors influencing
students’ self-efficacy.

Methods: An empirical dataset collected was used to examine self-efficacy
among secondary school students in Muslim societies. Four machine learning
algorithms-Decision Tree, Random Forest, XGBoost, and Neural Network-were
employed to predict self-efficacy using two demographic variables and 10 socio-
emotional, cognitive, and regulatory factors. The predictors included culturally
relevant variables such as religious/spiritual beliefs and collectivist-individualist
orientation. Model performance was assessed using root mean square error
(RMSE) and r-squared (R2) metrics to ensure reliability and validity.

Results: The results showed that Random Forest outperformed the other
models in accuracy, as measured by R2 and RMSE metrics. Among the
predictors, self-regulation, problem-solving, and a sense of belonging emerged
as the most significant factors, contributing to more than half of the model's
predictive power. Other variables such as gratitude, forgiveness, empathy, and
meaning-making displayed moderate predictive value, while gender, emotion
regulation, and collectivist-individualist orientation had minimal impact. Notably,
religious/spiritual beliefs and regional factors showed negligible influence on
self-efficacy predictions.

Discussion: This study enhances the understanding of factors influencing self-
efficacy among students in Muslim societies and offers a data-driven foundation
for developing targeted educational interventions. The findings highlight the
utility of machine learning in education research, demonstrating its ability to
uncover insights for equitable and effective decision-making. By emphasizing
the importance of regulatory and socio-emotional factors, this research provides
actionable insights to elevate student performance and well-being in diverse
cultural contexts.

KEYWORDS

academic performance, educational equity, machine learning, Muslim societies, self-
efficacy, self-regulation, socio-emotional learning, student wellbeing

1 Introduction

Self-efficacy is defined as a person’s belief in their ability to complete specific tasks or
achieve specific goals (Bandura, 1997). It is a central construct in social cognitive theory,
positively and strongly correlated with an individual’s cognitive and behavioral engagement
in a given task. Self-efficacy affects how people think, feel, and act. It also has an impact
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on a person’s decision to take action, the types of goals and
activities they pursue, and the amount of effort, persistence, and
time they are willing to devote to completing a task (Bandura,
2006, 2018). Numerous studies support the assertion that a person’s
belief in their ability to complete a task has a greater impact
on success than actual capability (Bandura, 1986). While people
cannot complete tasks that are beyond their abilities simply by
believing they can, self-efficacy beliefs can function as internal
rules that individuals follow to determine the amount of effort,
persistence, and perseverance required to achieve a goal optimally.
Researchers have investigated the impact of self-efficacy on these
variables and found significant relationships (Pajares, 1996).

In educational settings, self-efficacy is one of the most
fundamental mechanisms influencing a students learning
experience, academic achievement, and future success (Edgar
et al.,, 2019; Usher and Pajares, 2008; Zimmerman, 2000). Prior
studies have provided strong evidence that self-efficacy is a
positive predictor of motivation to learn and perform across
different academic areas and levels. Self-efficacy can influence the
instigation, direction, persistence, and outcomes of achievement-
related actions (Schunk and Pajares, 2002). It has likewise shown
a significant positive association with student engagement and
attention (Caraway et al., 2003). It also affects students’ decision-
making and level of resilience in the face of challenges, which
affects the degree of success they are likely to experience in the
future (Bandura, 1986). At the college level, studies have shown
that undergraduate students with high self-efficacy beliefs stay
in their majors longer (Lent et al., 1984) and consider a broader
range of future career options than those with lower self-efficacy
perceptions (Church et al., 1992). Poor self-efficacy beliefs often
undermine students’ motivation and can lead to task avoidance,
passivity, lack of task engagement, and resignation, which can
make failure unavoidable (Bandura, 1997; Pajares, 1996). Students
with low self-efficacy are also more likely to experience mental
and behavioral problems and drop out of school, jeopardizing
their future academic and career opportunities (Schwarzer and
Luszczynska, 2006).

Self-efficacy is a crucial factor in psychological and educational
research due to its established links with educational and health
outcomes, such as academic achievement, performance, and
wellbeing (Coutinho, 2008; Pajares, 2008). However, assessing self-
efficacy in Muslim societies presents unique technical challenges
that stem from cultural, social, and systemic factors specific to
these contexts. Although self-efficacy is widely studied, there is
a notable gap in rigorous machine learning research focused on
self-efficacy as a primary predictive variable (Tan and Cutumisu,
2022). Cultural values significantly shape self-efficacy beliefs, with
collectivist orientations, high power distance, and social restraint
often associated with lower self-efficacy levels, emphasizing the
need for cultural sensitivity when assessing this construct (Jin
et al, 2023). In Muslim societies, self-efficacy is embedded in
collective values that prioritize spirituality, community, and respect
for hierarchical relationships, contrasting with the individual
autonomy and achievement focus common in Western contexts
like the United States, Canada, and France (Kagitcibasi, 2005;
Nasser et al., 2019). Additionally, limited empirical research on
self-efficacy has been conducted in Muslim-majority regions,
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where educational challenges are substantial and development
is often constrained by a lack of socio-emotional studies that
could improve education at both individual and systemic levels
(Nasser et al., 2019). While countries such as Afghanistan, Iraq,
and Pakistan have received international support for advancing
primary and secondary education, these initiatives have shown
limited impact on expected outcomes due to underlying cultural
and social obstacles (Bureau for Policy and Program Coordination,
2004; Colclough et al, 2010). For example, while net school
enrollment has increased, many students still lack basic skills
even after years of schooling, indicating a discrepancy between
schooling and learning (Filmer et al., 2018). Furthermore, local
opposition to externally funded education initiatives often arises
when these efforts disregard indigenous religious practices and
cultural traditions, which underscores the need for culturally
adapted educational interventions (Hargreaves et al., 2001; Kapoor,
2014; Sahlberg et al., 2017). Addressing these contextual challenges
in self-efficacy research within Muslim societies could improve
research validity and encourage local adoption of development
programs (Abu-Nimer and Nasser, 2017).

The purpose of this study was to predict student self-efficacy
in Muslim societies, utilizing machine learning algorithms that
incorporated a holistic set of 10 factors. These factors included
empathy, forgiveness, sense of belonging, problem-solving,
meaning-making, gratitude, self-regulation, emotion regulation,
religion/spirituality, and a collectivist cultural orientation.
Additionally, two demographic attributes, namely region and
gender, were incorporated into the model. By analyzing these
multifaceted dimensions, this study sought to enhance our
understanding of the factors that influence student self-efficacy
in Muslim societies. The study was guided by the following
research questions:

1. What are the factors that are most important in predicting the
self-efficacy of secondary school students in Muslim societies?

2. Which machine learning model has the best predictive
performance for self-efficacy in this particular context?

The dataset and survey used to answer these questions were
collected and provided by the International Institute of Islamic
Thought (IIIT) as part of an initiative to advance education and
human development in Muslim communities. This survey, which
focuses on K-12 and university students and teachers in Muslim-
majority societies, offers a comprehensive understanding of diverse
values and competencies, including socio-emotional and cognitive
traits that are often overlooked in mainstream research.

By making data-driven predictions on students’ self-efficacy
and considering constructs such as empathy, forgiveness, moral
reasoning, and community-mindedness—which are not only
universal but also deeply resonate with Islamic values—this
research aimed to bridge a research gap, providing insights
that could lay the foundation for more contextual and effective
educational interventions in Muslims societies. This study adds
to the body of scientific knowledge on self-efficacy, socio-
emotional learning, and the application of machine learning. By
delivering data-driven insights into factors that contribute to
student self-efficacy, the study could enrich and advance theoretical

frontiersin.org


https://doi.org/10.3389/fdata.2024.1449572
https://www.frontiersin.org/journals/big-data
https://www.frontiersin.org

Ba-Aoum et al.

models of self-efficacy. Moreover, it broadens the application of
machine learning algorithms by predicting student self-efficacy
in a novel context. The predictive model might also help in
identifying students with relatively lower or higher levels of self-
efficacy and devising strategies to enhance their self-efficacy and
academic achievement.

2 Literature review

2.1 Theoretical background on
self-efficacy

Bong and Clark (1999) suggested that self-efficacy is primarily
a cognitive judgment of one’s own abilities rather than an
emotional response toward oneself. This evaluation considers
multiple sources of information and assigns varying degrees of
importance to them, leading to the formation of a perception of
one’s own capability. A foundational work on self-efficacy was
structured by Bandura (1997), which theorized that self-efficacy
beliefs develop based on students’ interpretation of information
from four sources: mastery experience, vicarious experience, verbal
persuasion, and emotional state. The most influential of these is
usually mastery experience or previous performance (Bandura,
1986, 1997). Successful experience raises mastery expectations and
confidence, whereas failure lowers them, especially if the failures
occur early in the learning journey. For instance, after students
complete an assigned academic activity, they assess the results,
and based on these interpretations, judgments of competence are
created or changed. If students believe their efforts have been
successful, their confidence to complete similar or related tasks
increases. On the other hand, if they believe their efforts have not
produced the effect they desired, their confidence in their ability
to succeed in similar endeavors decreases. The negative impact of
occasional failure is likely to be reduced after strong self-efficacy
beliefs are developed through repeated success. Indeed, failures
that are later overcome by determined effort can strengthen self-
motivated persistence if it is discovered through experience that
even the most difficult obstacles can be overcome by sustained
effort. The effects of failure on self-efficacy depend in part on when
the failures happen and how they fit into the overall pattern of
experiences (Bandura, 1977).

Self-efficacy beliefs are most likely to change during skill
development as an individual faces novel tasks (Bandura, 1997).
When students notice a gradual improvement in their skills over
time, their self-efficacy beliefs are typically boosted, even if failure
occurs periodically. When students overcome obstacles or complete
difficult tasks, experiences that lead to mastery are especially
powerful in enhancing a person’s self-efficacy (Bandura, 1997).
Also, experienced mastery in a domain often has long-term effects
on ones self-efficacy. Students who have excelled in a subject
throughout their education are likely to believe they can continue
to excel in that subject for many years to come (Usher and Pajares,
2008). Furthermore, once enhanced self-efficacy is established in
one area, it tends to extend to other situations where performance
had previously been debilitated by an obsession with personal
shortcomings (Bandura, 1997). Thus, improvements in behavior
can transfer not only to similar situations but also to activities that
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are significantly different from those the treatment was focused on
(Bandura, 1977).

Vicarious experience from observing others is another source
for building self-efficacy. Students usually evaluate their own
performance and abilities in relation to the accomplishments of
others (Bandura and Barab, 1973). For instance, they compare their
exam results with those of classmates to interpret their own scores.
If a student discovers that the majority of classmates received
lower scores, their self-efficacy will most likely increase. On the
other hand, if most of their classmates received higher scores, their
confidence would most likely be reduced (Usher and Pajares, 2008).
Another vicarious experience influencing self-efficacy is through
social models, particularly when students are unsure of their own
abilities or have little prior experience with the task at hand. For
instance, when a student sees a classmate succeed in a challenging
task, they might develop expectations that they too can do it if
they intensify and persist in their efforts. Modeling, on the other
hand, may undermine an observer’s confidence, particularly if the
model fails at a task perceived to be simple (Usher and Pajares,
2008). The degree to which students identify with the model in
the relevant area determines how much of an impact the model’s
success or failure has on them (Schunk, 1987). Vicarious experience
is normally less effective than mastery experience in influencing
self-efficacy beliefs (Bandura, 1977).

Verbal and social persuasion is the third major influence
on students’ self-efficacy (Bandura, 1977). Encouragement from
trusted parents, teachers, and peers can boost students’ confidence
in their academic abilities. Students who are persuaded verbally
that they have the ability to master a given task are more likely
to mobilize and sustain effort in the classroom than those who
harbor self-doubt. Verbal persuasion does not have a significant
effect on long-term persistence, but it can motivate immediate help
for students to overcome self-doubt. Also, people who are socially
convinced that they can handle difficult situations and are given
provisional aids for effective action are more likely to exert more
effort than those who only receive performance aids (Bandura,
1977).

The fourth source of self-efficacy, according to Bandura (1977)
model, is the student’s physiological and psychological state, which
can be affected by anxiety, stress, fatigue, and mood. Emotional
state is not only a crucial component of wellbeing but also
of self-efficacy and the way individuals perceive themselves and
have faith in their ability to achieve their goals. Exposure to
high levels of stress and anxiety while performing an activity
increases the likelihood that students will underperform on a
task and can affect their confidence. In contrast, feelings of
belonging, satisfaction, and happiness increase self-efficacy beliefs.
In general, improving students’ physical and emotional wellbeing
and decreasing negative emotional states should boost self-efficacy.
Self-regulation is another trait that has been linked to self-efficacy
in various studies (Schunk and Zimmerman, 2008; Zimmerman,
1995). Self-regulation is a process and skill that enables individuals
to proactively manage their circumstances and environment, as
well as personally activate and control their cognitions, emotions,
and behaviors, in order to successfully complete certain tasks
and achieve their own goals, according to social cognitive theory
(Bandura, 1977, 1986).
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TABLE 1 Summary of empirical and machine learning studies on self-efficacy.

References

McQuiggan et al. (2008)

Objective

Model self-efficacy using physiological data.

Method

Experimental design (33
students), Naive Bayes,
Decision Tree

10.3389/fdata.2024.1449572

Major finding

Built two sets of self-efficacy classification models
(high vs. low), and accuracy ranged from 82.1% to
87.3%.

Rey (2009)

Examine the relationship between positive
psychological constructs and self-efficacy.

Regression modeling

Gratitude was a significant predictor of
self-efficacy.

McMahon and
Wernsman (2009)

Investigate the relationship between classroom
environment, school belonging, and academic
self-efficacy.

Hierarchical linear regression

Classroom environment and school belonging
significantly predicted academic self-efficacy, with
classroom environment being the stronger
predictor.

DeWitz et al. (2009)

Explore the relationship between self-efficacy
beliefs and purpose in life.

Regression modeling

Self-efficacy was the most significant predictor of
purpose in life scores.

Ezen-Can and Boyer
(2014)

Classify students based on self-efficacy and
collected natural language utterances.

K-medoids clustering
algorithm

Utterance use differed between students with high
and low self-efficacy.

Rizk and Farooque
(2021)

Assess computer science students’ self-efficacy and
categorize it as low, medium, or high.

Factor analysis, k-nearest
neighbors

Problem-solving was the most important predictor
of self-efficacy, followed by college satisfaction.

Rakhshanderou et al.
(2021)

Analyze the predictive role of spirituality in
self-efficacy among college students

Structural equation modeling

Spirituality was found to be a positive predictor of
self-efficacy among college students.

Saroughi and Kitsantas

Examine the relationships between personal

Structural equation modeling

Sense of belonging and stereotype threat directly

(2021) factors (e.g., self-efficacy, self-regulation),
contextual factors (e.g., sense of belonging), and

wellbeing.

predicted self-efficacy, which mediated
relationships between sense of belonging,
stereotype threat, and academic satisfaction.

Tan and Cutumisu
(2022)

Model self-efficacy based on test performance and
responses to a survey for international student
assessment.

Random forest and XGBoost

Most important predictors were meaning in life
and motivation to master tasks.

2.2 Empirical and machine learning studies
on self-efficacy

Numerous studies have explored the relationship between
self-efficacy and a range of personal and educational factors
through regression analysis or structural equation modeling (see
Table 1). Using regression analysis, DeWitz et al. (2009) identified
a significant correlation between general self-efficacy and college
students’ sense of purpose in life. Meanwhile, McMahon and
Wernsman (2009) used hierarchical linear regression to assess
how classroom environment and a sense of school belonging
affected academic self-efficacy. Their study indicated that both
these factors significantly predicted academic self-efficacy, with the
classroom environment being a more influential factor. Notably,
Rey (2009) highlighted a gap in research focusing on positive
psychological aspects, such as gratitude, and its link to self-
efficacy. That study revealed a direct correlation; students who felt
more gratitude also felt more self-efficacious. On the other hand,
Saroughi and Kitsantas (2021) used structural equation modeling
to examine the relationships between personal (e.g., self-efficacy
for learning, self-regulation), contextual (e.g., stereotype threat,
sense of belonging), and wellbeing (e.g., negative affect, positive
affect, academic satisfaction, life satisfaction) variables. Their work
showed that sense of belonging and stereotype threat directly
predicted student self-efficacy and emphasized the mediating role
of self-efficacy between feelings of belonging, stereotype threat,
and academic satisfaction. Similarly, Rakhshanderou et al. (2021)
used structural equation modeling to shed light on the connection
between spirituality and self-efficacy, suggesting that fostering
spiritual aspects can fortify students’ confidence in their abilities.
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Collectively, these findings illuminate the multifaceted drivers of
self-efficacy, ranging from inner sentiments of gratitude to broader
educational contexts.

Recently, machine learning has increasingly been utilized to
predict student academic outcomes and wellbeing through self-
efficacy. However, only a few studies have prioritized predicting
students’ self-efficacy. McQuiggan et al. (2008) were among the
first to use Naive Bayes and Decision Tree methods to generate
two types of models that classify students’ self-efficacy as high
or low. Their data, derived from 33 students using an intelligent
tutoring system, was based on demographics for the first model and
added pre-test scores, physiological data, and student behaviors for
the second. On the other hand, Ezen-Can and Boyer (2014) used
a k-medoids clustering algorithm, focusing on student dialogue,
and found gender and self-efficacy affected utterance confidence.
Furthermore, Rizk and Farooque (2021) assessed computer science
students’ self-efficacy through a factor analysis survey, ranking
problem-solving as the foremost determinant of self-efficacy among
computer science students. Lastly, Tan and Cutumisu (2022)
employed Random Forest and XGBoost algorithms on a massive
dataset from the PISA 2018, highlighting non-cognitive factors, like
life meaning and task mastery motivation, as primary self-efficacy
influencers. Notably, XGBoost slightly surpassed Random Forest in
prediction precision.

In the context of Muslim societies, there is a lack of
empirical studies on educational and human development as
well as a dearth of data-driven modeling studies predicting
students’ self-efficacy (Nasser et al, 2019). Thus, the IIIT,
a non-profit organization that seeks to provide a platform
for the unique perspectives of Muslim thinkers, scholars, and
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practitioners in the humanities and social sciences, launched
an initiative in 2018 called Advancing Education in Muslim
Societies (AEMS) to address this gap. This initiative aims
to investigate the knowledge, abilities, and attitudes that can
enhance educational opportunities and human development in
Muslim societies.

Numerous studies have examined education programs
related to employment and citizenship, but almost none have
considered the social and emotional characteristics of Muslim
societies (Nasser et al., 2019). The AEMS initiative recognizes the
importance of not overemphasizing East-West, secular-religious,
or North-South boundaries on epistemological and methodological
understandings in an era of globalization and multigenerational
immigrant communities. However, many external human
development and education reform initiatives aimed at the
Muslim world have been rooted in secular, individualist values.
As these measures are implemented in religious, collectivist, and
community-focused societies, their capacity to serve the needs
of local populations is diminished (Davies, 2016; McKenzie,
2012). Thus, AEMS selects constructs important to socio-
emotional education (empathy, forgiveness, moral reasoning,
and community-mindedness) that are universal, foundational
to Islamic values, and considered high value in many Muslim
communities when framed in terms of spiritual and moral growth

(Nasser et al., 2019).

3 Method

This study utilized a structured quantitative approach to
address the research questions stated in the introduction. The
first step involved retrieving the data, which was followed by
data exploration. Data exploration is an essential preliminary
investigation of the dataset to gain a better understanding of it. To
make optimal use of the available information, the study involved
multiple steps, including data cleaning, selecting relevant variables,
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reverse coding, screening for missing values, and grouping relevant
items. These steps are described in detail in the following sections,
outlining the procedures taken for the exploration analysis.

Once the exploration phase was completed, different machine
learning models, including Decision Tree, Random Forest,
XGBoost, and Neural Network, were employed and evaluated
to address the research questions. The study utilized evaluation
criteria to assess the models™ efficiency and accuracy. The most
common performance metrics for regression model evaluations are
root mean square error (RMSE) and R? (Suha and Sanam, 2022).
Therefore, the outcome performance metrics for each model were
captured and reported. Before running the models, the dataset was
split into two subsets: a training set (80%) and a testing set (20%).

To summarize the steps taken in this study, a framework
is presented in Figure 1. This framework delineates the various
stages, spanning from data retrieval and modeling development
to model evaluation and reporting the results. The study aimed
to provide a detailed and structured approach to answer the
research questions in a rigorous and systematic manner, utilizing
various techniques to optimize the performance of the machine
learning models.

3.1 Data collection

The primary data source was an empirical survey from the ITIT.
The IIIT conducted two waves of its “Mapping the Terrain” survey
in 2018-2019 and 2019-2020, asking K-12 and university students
and teachers in Muslim-majority societies to respond to a variety
of prompts, each focused on particular values and competencies.
The survey included constructs measuring a subset of socio-
emotional traits (e.g., empathy), cognitive traits (e.g., problem-
solving), and other factors relevant to Muslim societies within a
human development trajectory (see Tawil and Cougoureux, 2013).

This study employed data collected in the 2019-2020 Mapping
the Terrain survey, which reached ~20,000 participants from 15
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TABLE 2 Variable definitions.

Factor

(Abbreviation)

Self-efficacy (SEFF)

Defin

A person’s belief in his or her ability to organize
and execute certain behaviors that are necessary to
become successful in each task

Collectivist vs.
individualist orientation
(C1I0)

Collectivism is a situation in which people feel
they belong to larger in-groups, while
individualism is a situation in which people are
concerned with themselves and close family
members only

Forgiveness (FORG)

The ability and willingness to let go of hard
feelings and the need to seek revenge on someone
who has wronged the subject or committed a
perceived injustice against the subject or others

Problem-solving
(PSOLV)

Skills that individuals use to analyze, understand,
and prepare to respond to everyday problems,
decisions, and conflicts

Sense of belonging
(SOB)

An individual’s feeling of identification with a
certain group

Religiosity/spirituality
(RELSPIR)

The degree of influence one’s faith has on one’s
values, behaviors, and everyday life

Gratitude (GRAT) The appreciation of what is valuable and
meaningful to oneself and represents a general
state of thankfulness and/or appreciation

Self-regulation (SREG) Generated thoughts, feelings, and actions that are

planned and cyclically adapted to the attainment
of personal goals

Meaning-making Sense of coherence or understanding of existence,

(MEANMK) a sense of purpose in ones life, the pursuit and
attainment of worthwhile goals, and an
accompanying sense of fulfillment

Empathy (EMP) The ability to understand others’ emotion, the

willingness to care, feel, and take the perspective of
others and be responsive to their needs

Emotion regulation
(EMOREG)

A process through which individuals modulate
their emotions consciously and non-consciously to
respond appropriately to environmental demands

Self-efficacy was the target/predicted variable in this study, while the rest were
predictor variables.

countries. The survey explored the values and competencies in
Muslim societies with a focus on secondary school and university
students and their instructors. The variables, focused on students,
are defined in Table 2, and adopted from Nasser and Saroughi
(2021).

The survey was distributed to four groups (secondary school
students, university students, secondary school teachers, and
university instructors). The present study focused on secondary
school students to understand the factors most strongly predicting
self-efficacy in that group. Furthermore, these students represented
the majority of survey respondents (further described in the
descriptive analysis section). Respondents were also restricted to
the main region of each participating country due to regional
differences, financial considerations, host-country approval, and
location of affiliate offices (Nasser and Saroughi, 2021). However,
randomization was performed on the classroom level to provide
every participant a chance to be considered in the survey (Nasser
and Saroughi, 2021).
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3.2 Data description

As reported by the IIIT, the total responses per group in
the original dataset were as follows: 11,391 secondary school
students, 4,698 university students, 2,218 school teachers, and
593 university instructors. Furthermore, each factor (described
in Table 1) was measured using a different number of items,
ranging from a minimum of five to a maximum of 18. The
number of items for each factor was as follows: forgiveness
(9 items), collectivist vs. individualist orientation (14), self-
efficacy (12), problem-solving (12), sense of belonging (18),
religiosity/spirituality (5), gratitude (6), self-regulation (16),
meaning-making (10), empathy (7), and emotion regulation (8).
Each item was measured on a 4-point Likert scale ranging from
lowest to highest in ascending order. Since the present study
focused on school students who participated in the survey, not
all questions were relevant. Therefore, only questions (i.e., survey
items) answered by secondary school students were considered in
this study.

3.3 Data selection

Retrieving the dataset of interest began by selecting the
responses of secondary school students. As noted above, 11,391
were identified as the initial sample. Based on this selection,
it was observed that all the selected factors (the 11 factors
described in Table 1 for this study) were answered by these
students. However, based on the report issued by the IIIT
for the 2019-2020 survey, some of the demographic variables
were only answered by other participants (university students,
secondary school teachers, and university instructors). These
variables were related to work experience, number of children,
relationship status, degree year, and education level. Due to the
focus of this study on secondary school students, these five
demographic variables were removed. Also, there were 4,323
missing values among secondary school students’ observations,
which were eliminated based on stakeholder recommendations.
Furthermore, 6,424 of the secondary school students included
were between 15 and 18 years old, 619 were between 18 and
24, and 25 were over 24. However, students generally conclude
their secondary school education at or around age 18 (National
Center for Education Statistics, 1996). Thus, this study only selected
responses from students under 18 based on that estimate and
stakeholder recommendations. After missing values and non-
relevant observations were eliminated, the final sample size used
for further analysis was 6,424.

The final variables consisted of 10 factors measured using
117 items and two demographic variables for students under 18.
Further analysis was conducted by reversing 35 items in the survey
because of how they were phrased. The two demographic variables
were gender (male or female) and country (referred to as region in
this study): ungrouped, Southeast Asia, Central Asia, Middle East
and North Africa (MENA), Sub-Saharan Africa, and South Asia.
Table 2 depicts the final set of variables, including the factors and
their corresponding number of items and the categorical variables
with their levels.
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Continuous variable Survey items Mean (SD) Minimum  Maximum Cronbach’s alpha
Forgiveness (FORG) 9 2.33(0.56) 1 4 0.75
Collectivist vs. individualist orientation 14 2.68 (0.29) 1 3.78 0.65
(CIO)

Self-efficacy (SEFF) 12 3.03 (0.41) 1.17 4 0.66
Problem-solving (PSOLV) 12 3.13(0.47) 1 4 0.79
Sense of belonging (SOB) 18 2.98 (0.43) 1 4 0.81
Religiosity/spirituality (RELSPIR) 5 3.4 (0.40) 1 4 0.87
Gratitude (GRAT) 6 3.12 (0.44) 1.33 4 0.57
Self-regulation (SREG) 16 2.87(0.42) 1.31 4 0.87
Meaning-making (MEANMK) 10 3.03 (0.44) 1 4 0.69
Empathy (EMP) 7 2.93(0.39) 1.14 4 0.60
Emotion regulation (EMOREG) 8 3.03 (0.46) 1 4 0.64
Categorical variable (levels) Frequency Percent
Region (6)

Ungrouped 673 10.48%
Southeast Asia 959 14.93%

Central Asia 1,115 17.36%

MENA 416 6.48%
Sub-Saharan Africa 837 13.03%

South Asia 2,424 37.73%
Gender (2)

Male 2,497 38.87%

Female 3,927 61.13%

3.4 Descriptive analysis

In order to make the most of the data, it was essential to study
the properties of the variables by utilizing summary statistics and
visualization techniques. Using these methods, it was important
to identify correlations, trends, and outliers that might have
influenced the analysis.

The descriptive statistics for student self-efficacy are reported in
Table 3. Self-efficacy was the dependent variable and was measured
using 12 items. The 12 items were summed and then averaged per
participant to compute the final value for each participant. A similar
procedure was conducted with the independent variables.

Self-efficacy is a continuous variable representing secondary
school students under the age of 18, ranging from a minimum
of 1 to a maximum of 4, with a mean of 3.03 (SD = 0.41). The
majority of the independent variables described in Table 3 (FORG,
PSOLYV, SOB, RELSPIR, GRAT, MEANMK, EMP, and EMOREG)
had means of ~3 or above. CIO and SREG had the lowest means:
2.68 and 2.87, respectively.

Furthermore, the reliability of each variable (see Table 3) was
evaluated to ensure that items corresponding to each variable
sufficiently reflected the scope of each variable. Reliability measures
the degree of consistency between multiple measurements or items
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for a single variable (Hair, 2010). The reliability measure (i.e.,
Cronbach’s alpha) ranges between 0 and 1, in which 0.60-0.70 is
the commonly accepted level (Hair, 2010).

All variables included in the study had a Cronbach’s alpha of
0.6 or above, except gratitude (0.57). However, Cronbach’s alpha is
sensitive to the number of items (the more items, the higher the
Cronbach’s alpha score). Because gratitude was very close to 0.60
and was among the lowest variables in terms of the number of
items, it was kept in this study to investigate its role in self-efficacy
and derive more insightful conclusions. The last two demographic
variables were region and gender. Region was a categorical variable
consisting of six levels: ungrouped (with a frequency of 673 students
or 10.48% out of 6,424) representing the U.S. and Bosnia, Southeast
Asia (959 students or 14.93%), Central Asia (1,115, 17.36%), MENA
(416, 6.48%), Sub-Saharan Africa (837, 13.03%), and South Asia
(2,424, 37.73%). As shown in Table 2, the most common region
in this study was South Asia (representing 37.73% of responses),
whereas MENA had the lowest response rate (6.48%).

To gain a better understanding of the relationship between
the variables, Pearson correlation was conducted, as depicted
in Figure 2. The overall correlation between variables appeared
to be low to moderately correlated. Given that the data were
collected through a survey, multicollinearity may be present, which
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Distribution among variables based on gender.

could have an impact on the algorithm’s performance. However,
this study also utilized tree-based models, which are robust to
multicollinearity due to their random nature (Al-Nammari et al.,
2023).

A boxplot was used to understand the distribution of the factors
based on gender, highlighting differences in central tendencies and
variability between male and female participants (see Figure 3). It
suggests that, while many factors showed comparable distributions
across gender, women tended to have higher medians for certain
factors (e.g., SOB, GRAT, and SEFF). The variability in the data
offers further insight into the range of responses within each
gender group.

To examine the frequency distribution of responses for each
factor, a histogram was developed for each factor (see Figure 4).
The histograms reveal that some of the constructs, such as SEFE,
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EMP, and MEANMK, exhibited a moderate score of around 3,
indicating a generally balanced perception among participants.
Constructs like RELSPIR and EMOREG were right-skewed,
suggesting stronger ratings, with many participants reporting high
levels in these areas. Conversely, constructs like FORG showed a
slight left-skew, indicating lower ratings by some participants. The
variety in distribution shapes highlights consistent patterns across
some constructs, while others display more variability, reflecting
diverse perceptions and tendencies within the sample.

3.5 Machine learning models

Machine learning has been successfully employed across
various sectors, including healthcare (Araz et al, 2019),

frontiersin.org


https://doi.org/10.3389/fdata.2024.1449572
https://www.frontiersin.org/journals/big-data
https://www.frontiersin.org

Ba-Aoum et al.

10.3389/fdata.2024.1449572

clo | EMOREG | I FORG
M 2000 M ] B
2000 1888 2000 1000 ﬂ_lL
1000 | 1000 500 ;I'I_
500
0 J 0 JFI_ 0 ;I'I_ —I'I_ 0
. GRAT | MEANMK | PsOLV | RELSPIR
2 1500 1 1500 e 1500 iy 3000 M
8 1000 ‘l— —|‘| 1000 1000 —|-| 2000
5 508 ] 508 i _|_| 508 I‘I 1008
[T N 9% 9% ™
SEFF | soB | | sreG |
1500 ] 1500 T 1500 [T
1000 T _L 1000 1000 -I_L
500 500 500
0 0 _ il 0
N v 9 ™ N Q9 09 13 N 9% % ™
Value
FIGURE 4
Frequency per variable.

employment of people with disabilities (Sobnath et al., 2020),
and transportation (Oliveira Almeida et al., 2022). In education
research, machine learning offers significant promise in revealing
impactful patterns that can enhance educational outcomes
(Pena-Ayala, 2014). There is mounting scholarly interest in
harnessing machine learning to explore educational challenges,
such as assessing student performance (Asselman et al, 2021),
understanding dropout rates (Devi and Ratnoo, 2022), and
analyzing student behaviors (Hooshyar et al., 2019).

This study sought to predict the self-efficacy of secondary
school students in Muslim societies through supervised machine
learning algorithms. Depending on the specific outcome in focus,
these algorithms can address either classification or regression
challenges (Simsekler et al, 2021b). Their efficacy in tackling
diverse problem sets—be it regression or classification—has been
validated, along with their capacity to discern variable significance
(Simsekler et al., 2021b). Given that the study’s outcome, self-
efficacy, was a continuous variable, regression-based models
were employed.

To predict student self-efficacy in public schools within Muslim
societies, four machine learning models were used: Decision Tree
(bagging), Random Forest, XGBoost, and Neural Network (James
et al, 2013). Random Forest, initially developed by Breiman
(2001), is a non-parametric method that has received attention
for its flexibility in handling regression and classification problems
(Simsekler et al., 2021a). Random Forest is a type of ensemble
learning algorithm that combines many decision trees based on
a random selection of variables. More specifically, this means
that multiple decision trees are created by randomly selecting a
subset of variables from the original dataset (Tan and Cutumisu,
2022). Random Forest can quickly and effectively handle a
large number of input variables without overfitting, providing
accurate predictions (Liu et al., 2021). Decision Tree (bagging or
bootstrap aggregation) is another derivative of decision tree and
ensemble learning methods. This algorithm creates multiple trees
by selecting a sample of the data with replacement. XGBoost is
also an ensemble machine learning algorithm built on decision
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tree models (Chen and Guestrin, 2016). Deep Neural Network
comprises an input layer, hidden layers, and an output layer and
utilizes multiple layers of neurons to process information. By
adjusting the weights of the network, deep neural networks are
trained to accurately predict outcomes based on the input data
(Ljubic et al., 2022).

It is common practice in predictive modeling studies, especially
those focusing on self-efficacy and behavioral predictions, to apply
multiple similar algorithms to determine which offers the best
performance for the dataset. Although Decision Tree, Random
Forest, and XGBoost are all tree-based methods, each has distinct
mechanisms that can result in different predictive accuracies.
For instance, Random Forest uses bagging to enhance variance
reduction, while XGBoost applies boosting techniques to reduce
bias, making these methods complementary rather than redundant.
This approach was consistent with prior studies in related fields,
where similar models have been tested to identify the most accurate
one (Benbelkacem et al., 2019; Tan and Cutumisu, 2022). Linear
regression was avoided in this study due to its assumption of a
linear relationship between the response and predictors, which is
not always applicable for educational and psychological datasets
that may exhibit complex, nonlinear relationships. In contrast, the
tree-based models and neural networks applied here do not require
such assumptions, making them more appropriate for capturing
the interactions among predictors in our dataset (Benbelkacem
etal., 2019).

This study utilized a dataset of 6,424 responses and 12
predictors for the predictive models. In machine learning, the
amount of data required is influenced by model complexity, data
dimensionality, the field of application, and the generalization
objectives of the study. While deep learning models benefit from
large datasets, structured data with moderate dimensionality (such
as survey responses with 12 predictors) can be effectively modeled
with smaller datasets, especially with ensemble methods like
Random Forest and XGBoost, which perform robustly on smaller
datasets due to their bagging and boosting mechanisms (Breiman,
2001; Chen and Guestrin, 2016). These ensemble models are
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designed to minimize variance and enhance predictive accuracy,
capturing complex interactions among predictors without the need
for extensive datasets (James et al., 2013). Additionally, using a
sample size in the range of several thousand responses aligned
with common practices in educational and behavioral sciences,
where models on similar data scales have been successfully built
for predictive tasks related to self-efficacy and related constructs
(McQuiggan et al., 2008). Prior research has successfully employed
machine learning models (e.g., Neural Networks and Random
Forest) with much smaller datasets, such as Sahlaoui et al. (2021),
which utilized fewer than 300 observations, demonstrating the
viability of deep learning approaches in similar contexts.

4 Results

Figure 5 illustrates the significance of the top 10 variables
for predicting self-efficacy within the target demographic. The
importance of each variable is gauged by examining how
the removal of that particular variable impacts the model’s
performance; more specifically, its absence or presence would cause
a change to the model’s performance metrics proportionally to the
variable’s designated importance. From the findings, self-regulation
(SREG), problem-solving (PSOLV), and sense of belonging (SOB)
emerged as the most important variables in both the Decision
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Tree and Random Forest models. XGBoost, to some extent,
concurred with these models, identifying self-regulation (SREG)
as the paramount variable. Figure 6 shows the variable importance
yielded from each model.

The performance metric of each model is reported in Table 4.
Based on the results, Random Forest and Neural Network
outperformed the other models in terms of the evaluation
metrics R? and RMSE. However, Random Forest demonstrated
the most consistent performance between training and testing
data, with R? scores of 38.61 and 38.91, and RMSE values of
32.29 and 32.67. This consistency indicates that the model did
not overfit, making it the best-performing model overall. In the
Random Forest model, self-regulation appeared to be the most
powerful predictor with a relative importance of 100%, followed by
problem-solving (80%), sense of belonging (63%), gratitude (40%),
forgiveness (35%), empathy (28%), meaning-making (25%), and
religion/spirituality (20%).

5 Discussion
5.1 Key findings

Random Forest was chosen for the discussion because it
outperformed the other models with respect to the evaluation
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TABLE 4 Performance metrics for machine learning models.

Predictive Training Testing
model
R? RMSE R? RMSE

Decision tree 30.66 34.11 31.07 34.46
(bagging)

Random forest 38.61 32.29 38.91 32.67
XGBoost 35.01 33.07 36.61 33.17
Neural network 36.22 32.67 39.06 3231

metrics R* (38.91%) and RMSE (32.67). Random Forest is
often highly effective on datasets with moderate size and lower
dimensionality, such as ours, as it reduces variance through
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bagging, which helps prevent overfitting (Breiman, 2001). In
contrast, while XGBoost has advantages in handling larger,
high-dimensional datasets and dealing with complex interactions,
its additional regularization and boosting iterations did not
improve accuracy as effectively in this context. XGBoost’s training
complexity can sometimes lead to overfitting, especially when
there is a limited number of features and observations (Chen
and Guestrin, 2016). Therefore, Random Forest’s simplicity and
robustness given the dataset’s size and structure likely contributed
to its superior performance for this predictive task. The primary
technical challenge of Random Forest was ensuring its ability
to handle the complex interactions between socio-emotional and
cultural predictors within a moderately sized dataset. The model’s
strength lies in its ensemble approach, which combines multiple
decision trees to capture nuanced patterns without overfitting—
a common risk with high-dimensional data (Breiman, 2001).
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Additionally, the decision to select Random Forest over more
complex models like Neural Networks or XGBoost was guided
by the model’s robustness in terms of multicollinearity and its
interpretability. This robustness allowed for a clearer assessment
of feature importance, which was crucial in a study aimed at
identifying key predictors of self-efficacy in a novel educational
context. Overall, the technical challenge was to configure Random
Forest in a way that would maximize predictive accuracy
while retaining interpretability, which is essential for informing
educational strategies based on the model’s insights.

Interpretation of an R?> value depends on the purpose of the
research and the application domain. When compared to studies
in pure technical fields (e.g., engineering), modeling studies in
social and behavioral science typically report low R? values. Cohen
(1988) established a rule for interpreting R? in behavioral and
social science, stating that a model with an R? >0.26 is considered
substantial. In this study, the R? was around 39%, which would be
considered adequate and sufficient for the research purpose. The
three constructs that showed the highest importance (above 50%)
were self-regulation, problem-solving, and sense of belonging. The
next four showed moderate importance (between 50% and 25%):
gratitude, forgiveness, empathy, and meaning-making. The last two
in the top predictor list showed lower importance (below 25%):
region and religion/spirituality. Finally, there were three variables
not included in the top predictors: gender, emotion regulation, and
collectivist vs. individualist orientation.

The results of the Random Forest model showed that the most
important predictor of self-efficacy was self-regulation. This result
was the same across all models tested. The strong link between
self-efficacy and self-regulation aligned with theories and other
empirical findings in academic settings. Self-regulation involves
the proactive direction of one’s behavior to attain self-set goals.
When unable to achieve their goals initially, learners rely on
affective, cognitive, motivational, and behavioral feedback to alter
or adjust their tactics and behavior (Zimmerman, 1989). According
to Bandura (1986), self-regulation and self-efficacy are distinct but
interrelated and mutually reinforcing concepts. He argued that
successful experiences with self-regulation can increase a person’s
self-efficacy, as they learn to trust in their ability to regulate their
behavior and achieve their goals. Bandura also argued that self-
efficacy is a key component of self-regulation, as it provides the
motivation and confidence necessary to regulate one’s thoughts,
emotions, and behaviors. An empirical study of university students
found that those who reported better levels of self-regulation
were more inclined to believe in their academic abilities (Wolters
and Hussain, 2015). These findings emphasize the significance of
establishing self-regulation abilities to increase self-efficacy and
success in academics and other areas of life. Self-regulation can be
learned through modeling (English and Kitsantas, 2013; Schunk,
2005).

The second strongest predictor of self-efficacy was problem-
solving, which refers to the skills people employ to analyze,
comprehend, and prepare their responses to everyday problems,
decisions, and confrontations. It is a cognitive-behavioral process
in which people seek to solve real-world problems in a social
setting (Siu and Shek, 2010). Several studies have identified
positive relationships between self-efficacy and problem-solving
(Bandura, 1993, 1997; Erozkan, 2014). Erozkan (2014) found that
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an increase in constructive problem-solving and the insistent-
persistent approach was linked to an increase in social self-efficacy.
On the other hand, as social problem-solving decreased, so did
social self-efficacy. The study concluded that social problem-
solving skills were an essential predictor of self-efficacy.

The third strongest predictor of self-efficacy was sense of
belonging. A student’s sense of belonging in an academic institution
is defined as their perception that they have been supported,
accepted, respected, and included in the institution (Nasser and
Saroughi, 2021). Research has widely confirmed the positive effects
of a general sense of belonging on a variety of individual physical,
psychological, and social outcomes (e.g., Slaten et al., 2016). Studies
have shown that positive school environments can lead to positive
outcomes for students (e.g., Church et al., 2001; Roeser et al., 1996)
and that students’ experience of acceptance influences multiple
dimensions of their behavior and attitudes (Battistich et al., 1995;
Osterman, 2000). One way that sense of belonging could affect
self-efficacy is through interpersonal relationships with teachers.
Students can develop attachments to their teachers and see them
as role models; this can influence how they interpret their vicarious
experiences, which can then positively or negatively impact their
confidence, motivation to learn, and self-efficacy beliefs (Bandura,
1997; Ryan et al., 1994).

The present study found that gratitude, forgiveness, empathy,
and meaning-making were moderately strong predictors of general
self-efficacy, with the relationships ranging below 50% and above
25%. Bandura (1977) social cognitive theory, which emphasizes
the influence of psychological and emotional states on self-efficacy,
may explain this relationship. The results support previous research
in which gratitude had a significant association with self-efficacy
and played a vital role in positive functioning and wellbeing
(e.g., Emmons and McCullough, 2003; Froh et al., 2008; Rey,
2009). Expressing gratitude has also been shown to increase
prosocial behaviors and coping strategies (Ting and Yeh, 2014).
Additionally, forgiveness (Baghel and Pradhan, 2014; Ferudun and
Onur, 2018), empathy (Baghel and Pradhan, 2014; Schurz, 2018),
and meaning-making (DeWitz et al., 2009) have been linked to
self-efficacy. Overall, these findings support previous studies that
found a positive relationship between self-efficacy and positive
psychological variables.

The last two of the top 10 predictors (region and
religion/spirituality) showed a predictive power lower than 25%.
Previous studies have demonstrated the importance of spirituality
in predicting self-efficacy (Rakhshanderou et al, 2021). The
demographic variable of region could reflect regional differences
in socioeconomic factors, which could affect self-efficacy, as shown
in previous studies (Boardman and Robert, 2000). Regional or
national socioeconomic factors may have an impact on perceived
self-efficacy beyond individual-level socioeconomic status for
several reasons. For instance, limited growth opportunities in
resource-constrained areas may influence an individual’s belief
in their ability to achieve success, and the broader social context
of an area could also influence self-efficacy, as individuals may
be exposed to differing levels of vicarious mastery experiences
depending on the socioeconomic status of those around them.

Three variables (gender, emotion regulation, and collectivist vs.
individualist orientation) were not among the top 10 predictors of
self-efficacy in the Random Forest model. The result for gender was
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consistent with a previous meta-analysis that found only a minor
difference in academic self-efficacy based on gender (Huang, 2013).
However, previous research from specific countries has found a
significant gender difference in terms of academic self-efficacy
(Wang et al,, 2019). The influence of gender on self-efficacy could
be a result of the self-beliefs that underlie those differences. Studies
have indicated that some gender differences in academic, social, and
personality aspects could be attributed to gender orientation, which
refers to the stereotypical beliefs about gender that individuals
hold, rather than biological sex (Usher and Pajares, 2008). In other
words, the traditional beliefs and societal expectations that people
have about what men and women should be good at may impact
their confidence and abilities in different domains. The finding that
emotion regulation was not shown to be an important predictor
of self-efficacy supported the suggestion by Bong and Clark (1999)
that self-efficacy is mainly influenced by cognitive judgment but
does not necessarily negate the role of emotional experience in
influencing self-efficacy, as suggested by Bandura (1977). Some
empirical studies have established a significant association between
emotion regulation and self-efficacy, but it is still unclear how
emotion regulation strategies contribute to the development of self-
efficacy (Deng et al., 2022; Lande et al., 2023). Lastly, a collectivist
vs. individualist cultural orientation did not show significant
predictive power in the model.

5.2 Implications

There is a lack of empirical studies on educational and
human development in Muslim contexts, particularly those
employing data-driven modeling to predict students’ self-efficacy.
To address that gap, this study presents data-driven insights into
predictors of secondary school students’ self-efficacy in Muslim-
majority societies, leveraging primary data sourced from the
IIIT’s Mapping the Terrain survey. The research emphasizes the
integration of socio-emotional and cognitive traits that are often
sidelined in mainstream research and constructs but are deeply
embedded in many Muslim societies, such as the significance of
community, empathy, and moral reasoning. This investigation fills
a notable gap in global educational discourse, emphasizing socio-
emotional dimensions of education pertinent to Muslim contexts,
thereby guiding international and local stakeholders toward more
contextually apt educational strategies.

The research also ranked the relative importance of self-efficacy
predictors, which can aid in operationalizing self-efficacy and
prioritizing interventions. The resulting predictive model could
assist educators in identifying students with relatively lower or
higher levels of self-efficacy and developing interventions and
strategies to improve their self-efficacy and academic achievement.
It is noteworthy that all factors that were highly or moderately
important in predicting self-efficacy are teachable or can be
improved via evidence-based interventions. For example, self-
regulation skills can be learned through modeling as well as specific
learning environment features and teaching practices (English and
Kitsantas, 2013; Schunk, 2005). Also, researchers have identified
evidence-based practices to enhance social problem-solving skills
among students through a combination of cognitive and behavioral
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techniques (Merrill et al., 2017; Smith and Daunic, 2006; Gootman,
2001). Furthermore, enhancing students’ sense of belonging in
schools is feasible, and its importance is underscored by substantial
research. A meta-analysis spanning 51 studies pinpointed teacher
support as a pivotal factor in fostering students’ feelings of school
affiliation (Allen et al., 2018).

5.3 Conclusion

This study employed machine learning techniques to
predict student self-efficacy in Muslim societies, incorporating
a comprehensive set of factors. The results revealed that self-
regulation, problem-solving, and sense of belonging were the top
three influential predictors of student self-efficacy, surpassing
the 50% threshold. Conversely, gender, emotion regulation,
and collectivist vs. individualist orientation did not emerge
as significant predictors. Moderate importance (25-50%) was
observed for four constructs: gratitude, forgiveness, empathy, and
meaning-making, while region and religion/spirituality exhibited
limited predictive power (<25%).

The study’s findings could contribute to the development of
interventions and strategies that enhance student self-efficacy and
academic achievement, ultimately improving the overall quality
of the education system. Policymakers could use these findings
to create programs that foster self-regulation, problem-solving,
and a sense of belonging among students. The findings could
also enrich theoretical models of self-efficacy and help identify
students with relatively lower or higher levels of self-efficacy.
Additionally, using machine learning to predict student self-efficacy
in a new context and using a new dataset expands the application
of machine learning algorithms and highlights their potential in
educational research.

Future research could build on and address this study’s
limitations. The study focused on 10 continuous factors and
two categorical/demographic variables, but other important
factors may influence student self-efficacy, such as family
support and socioeconomic status. Future research could consider
incorporating these factors to improve the predictive power of
the model, and more tuning techniques could be used to improve
the model’s performance. The study used a cross-sectional design,
which does not allow for causal inferences or the examination of
changes in self-efficacy over time. A longitudinal design would be
needed to better understand the trajectory of self-efficacy and how
it is influenced by various factors. In addition, self-efficacy belief
could be examined over time using system dynamics simulations
to test various hypotheses. Finally, this study relied on self-
reported data, which may be subject to social desirability bias
or other biases. In future research, alternative techniques may be
employed to collect real-time, objective measures for predicting
student self-efficacy.
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