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Abstract

This study aims to examine the relationship between predictor variables at the student and
school levels and the interaction between variables in predicting mathematics achievement in
Indonesia. Stratified analysis was implemented in Indonesia’s Programme for International
Student Assessment (PISA) 2018 data. The variables of student level encompassed gender,
economic, social, and cultural status (ESCS), metacognition, and learning time. This study
revealed that the variables of ESCS, metacognition and learning time possessed a significant
positive effect on mathematics achievement. The variables of school level are class size, school
type, school size, and student-teacher ratio. This study demonstrated that only the data of class
size produced a significant effect on mathematics achievement. Furthermore, the interaction
between the learning time and class size also significantly affected learning achievement in
mathematics. Therefore, variables increasing students’ mathematics achievement are ESCS,
metacognition, learning time, class size, and interaction of learning time and class size.
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Introduction

Indonesia has been accepted as a part of international assessments since PISA 2001 (Stacey,
2011). This program is a collaboration of the Organization for Economic Cooperation and
Development (OECD) countries which determines students aged 15 years old on literacy in
reading, mathematics, and science (OECD, 2017b). Mathematical measurement in PISA
examines individual abilities through defining, utilizing, and understanding mathematics in
various situations (OECD, 2019a). Indonesia’s 2018 PISA data is at a low level, below the
average of 28% compared to 76% (Avvisati et al., 2018). The total sample size is a combination
of students from several different classes (Peugh, 2010). Individual students in a sample are
considered a hierarchy of nested groups in educational institutions (Hox et al., 2018). To
ascertain the reason for the low ability of students, levels from the student to the school are
explored. Gender is a predictive variable in various research that is still debatable at the student
level (Karakolidis et al., 2016a). While some studies (Karakolidis et al., 2016; Ketonen &
Hotulainen, 2019) indicate that gender impacts mathematics achievement, others demonstrate
that this impact is negligible (Chen, 2016). Economic, social, and cultural status (ESCS), a
composite variable at the student level (Milford et al., 2010), is expected to have an impact on
math performance (Karakolidis et al., 2016; Sakellariou, 2017; Areepattamannil, 2014).
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Metacognition is another aspect at the student level evaluated in PISA, which this aspect is
divided into three, UNDREM (understanding and remembering), METASUM (summarizing),
and METASPAM (assessing credibility) (Areepattamannil, 2014). Learning time is the
primary element of learning achievement, where effective learning time does not depend on
the length of time (Eriksson et al., 2019). In addition to the predictor variables at the student
level, it also embodied predictor variables at the school level in the form of school type, school
size, class size, and student-teacher ratio (stratio). The variance between public and private
schools (school type) is evaluated by the economic status of school students (ESCS)
(Sakellariou, 2017). Another possible student variable is school size (Giambona & Porcu,
2018). School size is the number of students aged 15 studying in the school (Karakolidis et al.,
2016a). Class size must be reduced in order for teachers to pay closer attention to each student
and their learning style (O'Grady et al., 2012). As a proxy for class size, the student-teacher
ratio variable (stratio) is the number of students attending school divided by the teacher ratio
(Giambona & Porcu, 2018). As a result, variables that affect mathematical achievement will
be investigated in this study, as will the effects on mathematics achievement. The study
perceived the characteristics that were considered to be relevant at the student level, such as
gender, ESCS, metacognition, and learning time, as well as various aspects at the school level,
such as school type, school size, class size, and student-teacher ratio (stratio).

Methods

To analyze the mathematical abilities of Indonesian students in PISA 2018 by employing
Multilevel Modeling (MLM). MLM is administered to analyse explanatory variables at the
student level (level 1) and school level (level 2). The explanatory variables to be examined at
the student level (level 1) were gender, ESCS, metacognition, and learning time, while at the
school level (level 2), the type of school, school size, class size, and student-teacher ratio.
Student and school variables were determined based on the Indonesia student data assessment
results. Sampling in the 2018 PISA data was administered in two steps. The first step was
selecting a sample percentage with an average of 150 schools, perceiving supporting factors
such as geographic location (state or province, and urban or rural location) (OECD, 2019b).
The second step is to identify the sample of students with the condition that the participants are
15 years old; hence, between 4000 and 8000 students are obtained according to a country’s
population (OECD, 2017c). In Indonesia, 12,098 students were involved in PISA 2018 from
397 schools. After analyzing the data, a sample of 9,991 students was attained by observing
the missing data in the explanatory variable to be scrutinized.

In the PISA data, each data from various countries has been divided into two level variables,
the student level (level 1) and the school level (level 2) (OECD, 2017a). The sample design
employed in school observations (clusters) is similar to other observational studies (OECD,
2017b). Multilevel analysis was used in detecting nested data within schools and students
nested within it (Tarling, 2009). Multilevel modeling is a broad word for analyzing the
relationship between measurable variables at multiple levels (Hox et al., 2018). Furthermore,
it enables the investigator to explore the nature of group variability as well as the group-level
characteristics of each person (Gromping, 2015). The NIme package from the R program was
utilized in this study (Pinheiro et al., 2012). The collected sample data were entered into
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Microsoft Excel. Following that, it was analyzed using R. The R data analyzer seeks the
standard error value for each parameter. Table 1 displays these values. Each result will be
compared to the parenthesized parameter estimate standard error.

Results and Discussion

Multilevel study yields stratified data linkages between factors defining nested people at the
group level (Hox et al., 2018). The Multilevel Modeling (MLM) stratified model was utilized
to analyze the 2018 PISA data in this study. Theoretically, there are no maximum or minimum
PISA scores. The scores are scaled to reflect the normal distribution, with an average score of
+ 500 points and a standard deviation of + 100 points following an impact size (Cohen's d) of
0.01 and a 10-point difference with an effect size of 0.10 (OECD, 2019a). Meanwhile, the
MLwiN program design centers on the mean of the conventional PISA explanatory scale for
OECD nations with a mean of 0 and a standard deviation of 1 (Rabash et al., 2015).

Step 1: Model without explanatory variables (null model)

Simple linear model with fixed effects school represented in equation (1), the average
student is expected on the math test 397.65. The random model null model of equation (2)
allows the effect of school, which is evaluated on mathematics achievement information
between the variance in the number of schools. MathAchi; reveals the mathematics
achievement of student i at school j, B, displays the average intercept and e;; presents the

residual level of students.

MathAchij ::80j+eij =ﬁ0+uoj+eij (1)
u,; denotes the variance in school j around the intercept. The prediction equation (1) is
presented in the following equation:

MathAch;; = f, = 397.65 (2)
where 62, = 3,467 represents the level-2 variance estimate and 62 = 2,555 represents the
level-1 variance estimate.

Step 2: adding student-level explanatory variables into the random intercept model

The explanatory variables for the student level in equation (3) with the data demonstrated
in Table 1 encompass the gender, ESCS, Metacognition, and learning time. Equation 3 is
obtained in accordance with equation 1. The number obtained in equation 3 derives from the
standard error (SE) value in Table 1. Then, this explanatory variable is administered to analyze
students' mathematics achievement.

MathAch;; = 412.01(3.41) + 0.08(1.07)Gender;; + 4.65(0.60)ESCS;; +
21.76(0.77)Metacognition;; + 0.01(0.00) LearningTime;; 3)
in which 62, = 2,662 represents the level-2 variance estimate and 62 = 2,350 represents the
level-1 variance estimate.
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Step 3: adding school-level explanatory variables into the random intercept model

After examining student-level variables and determining that numerous explanatory
variables can be investigated further, the next stage will be identifying explanatory variables at
the school level. These variables incorporate school type, school size, class size, and student-
teacher ratio.

Based on the results of Sakellariou (2017), it is discovered that in most developed countries
in Latin America, private schools are superior to public schools, while in developing countries,
public schools are more stable in learning performance (Sakellariou, 2017). This finding is in
accordance with the condition in Indonesia as a developing country that based on the data from
the Central Bureau of Statistics (BPS), state schools dominate more than private ones.
Following Bank’s (2012) research, students from large schools, in terms of population, obtain
better results than schools with small populations. Johnson and Christensen (2014) examined
that small populations tend to escalate achievement compared to larger populations (Johnson
& Christensen, 2014). The research unveiled that the teacher-student ratio (station) positively
affects mathematics learning achievement (Giambona & Porcu, 2018).

The explanatory variables for the school level in equation (4) with the data in Table 1
encompass the gender, ESCS, Metacognition, learning time, school type, school size, class
size, and student-teacher ratio. Equation 4 is attained in accordance with equation 1. The
number obtained in equation 4 derives from the standard error (SE) value in Table 1. Then, this
explanatory variable is employed to analyse and identify explanatory variables at the school
level.

MathAch;; = 405.53(7.36) + 0.10(1.07)Gender;; + 4.60(0.60)ESCS;; +
21.75(0.77)Metacognition;; + 0.01(0.00) LearningTime;; — 1.79(1.62)SchoolType;; +
0.00(0.00)SchoolSize;; + 0.34(0.16)ClassSize;; — 0.03(0.04)Stratio;; 4)

where 62, = 2,635 represents the level-2 variance estimate and 62 = 2,350 represents the
level-1 variance estimate.

Step 4: adding interactions between explanatory variables to the model

Incorporating explanatory variables in the model allows for variable interactions. According
to the multilevel organization theory (MOT), the interaction process may occur at both the
lower (student level) and higher levels (Thien et al., 2015). From sixteen interactions possible
from the combination of the explanatory variables of student level and school level, it has
attained one significant interaction between learning time and class size. Equation 5 is acquired
based on equation 1. The number obtained in equation 5 derives from the standard error (SE)
value in Table 1.

MathAch;; = 408.42(7.45) + 0.15(1.07) Gender;; + 4.60(0.60)ESCS;; +
21.76(0.77)Metacognition;; + 0.00(0.01) LearningTime;; — 1.78(1.62)SchoolType;; +
0.00(0.00)SchoolSize;; + 0.26(0.16)ClassSize;j — 0.03(0.04)Stratio;; —
0.00(0.00)LearningTime;; X ClassSize;; )
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where 62, = 2,635 represents the level-2 variance estimate and 62 = 2,348 represents the
level-1 variance estimate.

Table 1

Summary of Multilevel Models for Indonesia in PISA 2018

Parameters Unconditional Level-1 Level-2 Interaction

b (SE) b (SE) b (SE) b (SE)
Fixed
Intercept 397.65 (3.13)*** 412.01 (3.41)*** 405.53 (7.36)*** 408.42 (7.45)***
Level-1 Student
Gender - 0.08 (1.07) 0.10 (1.07) 0.15 (1.07)
ESCS - 4.65 (0.60)*** 4.60 (0.60)*** 4.60 (0.60)***
Metacognition - 21.76 (0.77)*** 21.75 (0.77)*** 21.76 (0.77)***
Learning Time - 0.01 (0.00)*** 0.01 (0.00)*** 0.00 (0.01)***
Level-2 School
School Type - - -1.79 (1.62) -1.78 (1.62)
School Size - - 0.00 (0.00) 0.00 (0.00)
Class Size 0.34 (0.16)* 0.26 (0.16)*
Stratio - - -0.03 (0.04) -0.03 (0.04)
Learning Time- - - - -0.00 (0.00)*
Class Size
Random
Variance in 3,467 2,662 2,635 2,635
achievement
between schools
Variance in 2,555 2,350 2,350 2,348

achievement
within schools

Parameter estimate standard error specified in parentheses

**xp < 0,001, **p < 0.01, *p < 0.05

The best model based on the AIC and BIC

To determine the best compatibility model, four distinct models were developed. The
Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) for each multilevel
model are shown in Table 2.

Table 2

Model Comparison
Random Intercept AlIC BIC
Model without explanatory variable 101,924.8 101,946.3
Adding student-level explanatory variables 101,088.0 101,152.3
Adding school-level explanatory variables 101,122.5 101,215.4
Adding interactions between explanatory variables 101,131.0 101,216.8

Table 2 displays that the addition of student-level explanatory variables (model 2) possesses

the lowest AIC and BIC scores. The second model incorporates the variables gender, ESCS,
metacognition, and learning time.
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Discussion

The null model without explanatory variables in equation (2) is administered to detect
significant differences between schools. The likelihood ratio (LRT) test was conducted to
compare the random zero effect to the implemented fixed effects model. LRT statistics are
elaborated as y2 = [—210g Lrequcemoder] — [—2108 Lryumoaer] (PeUgh, 2010). Based on
equation (2), it is revealed that x? = [(—2)(—54,490.01)] — [(—2)(—50,961.47)] =
7,058.02 refers to the LRT statistic, which corresponds to the chi-squared distribution and
three degrees of freedom y2(3) = 7,058.02 > 16.27. The variance of mathematics learning
achievement between schools is 2, = 3,467 with a standard deviation of 58.88, and within
schools 62 = 2,555 with a standard deviation of 50.54. The values attained from the variance
estimation level-1 and level-2 are imported into the formula ICC = 62,/(62, + 62
(Gromping, 2015), then the value of ICC = 0.58. Therefore, 58% was incorporated with inter-
school achievement and 42% at school. The ICC value is substituted into Design Ef fect =
1+ (n. — 1)ICC (Peugh, 2010).Thus, the estimate of 14.98 uncovers that multilevel modelling
is suitable for implementation.

The results in equation (3) display that gender does not possess a significant relationship
with mathematics achievement (b = 0.08,SE = 1.07,p > 0.05). The insignificant results are
similar to Chen’s (2016) research when the student gender does not significantly affect
mathematics achievement (Chen, 2016). The ESCS explanatory variable displays that the data
owns a significant effect on mathematics achievement (b = 4.65,SE = 0.60,p < 0.001). The
positive coefficient estimate indicates that the higher the ESCS, the higher the mathematics
achievement (Karakolidis et al., 2016b). Student metacognition possesses a significant
relationship with mathematics learning achievement (b = 21.76,SE = 0.77,p < 0.001). The
positive coefficient on student metacognition is similar to Muszynski’s (2015) research when
higher metacognition ability resulted in higher mathematical achievement. Learning time
produces a significant relationship with mathematics achievement with the coefficient of
estimation (b = 0.01,SE = 0.00,p < 0.001). Learning time positively affects student
achievement, which is the same as Erikson & Ryve’s (2010) research when achievement is
affected by how much effective time is implemented by teachers in the learning process
(Milford et al., 2010). It is indicated that effective mathematics learning is not time-consuming
but can employ time effectively.

Then of the four variables added to equation (4), merely the class size explanatory variables
presented significant results on mathematics achievement (b = 0.34,SE = 0.16,p < 0.05).
The positive coefficient on class size corroborates the research of Johnson and Christensen
(2014), that the higher the class size, the more influential it is on mathematics achievement
(Johnson & Christensen, 2014). The school type has no effect on mathematics learning
achievement with an estimated coefficient (b = —1.79,SE = 1.62,p > 0.05), contrary to
research by Ozdemir (2016), which displays that school type is statistically significant
(Ozdemir, 2016). School size is not significant in mathematics learning achievement
(b = 0.00,SE = 0.00,p > 0.05), but this result contrasts with the research of Giabona and
Porcu (2018), which identifies that students’ mathematics learning achievement is affected by
the school size (Giambona & Porcu, 2018). Furthermore, stratio presents insignificant data on
mathematics learning achievement (b = —0.03,SE = 0.04,p > 0.05). This finding is
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contrary to the results of the analysis by Milford, Ross and Anderson (2010), which unveiled
that it significantly affects mathematics achievement in the United States and Mexico (Milford
et al., 2010). Several analyses revealed that data is not significant for mathematics learning
achievement, following the research of Chen (2016) and Teodorovi¢ (2012), which
demonstrates that student mathematics achievement is more due to student factors than school
factors.

Based on equation (5), the interaction between learning time and class size is significantly
related to mathematics achievement (b = —0.00,SE = 0.00,p < 0.05). The negative
coefficient implies that the interaction between ESCS and the student-teacher ratio (stratio)
affects a decrease in mathematical performance. This result is contrary to Peugh’s research that
the interaction between learning time and class size affects an increase in mathematical
performance (Blatchford et al., 2011).

According to the PISA 2018 Indonesia data, the impacts of explanatory variables on
mathematics performance are more influential at the student than at the school level. This
finding is consistent with Chen and Teodorovic’s study, which revealed that student factors
influence students’ mathematics performance more than school factors (Chen, 2016;
Teodorovi¢, 2012).

Conclusion

This study investigates the elements that influence students’ mathematics achievement in
Indonesia. According to the findings of the multilevel analysis, there are significant predictor
variables at the student-to-school levels, while others are not.

At the student level, the predictor variables of ESCS, metacognition, and learning time
significantly affected mathematics achievement. At the same time, gender revealed that the
data had no significant effect on mathematics achievement. Gender data analysis is not
significant following Chen’s research that gender cannot be employed as a basis for
determining students’ mathematics achievement levels (Chen, 2016). The class size predictor
variable at the school level was significant for mathematics achievement. The school type,
school size, and student-teacher ratio display that the data do not significantly influence
mathematics learning achievement. The interaction between learning time and class size
significantly affects mathematics learning achievement. Further analysis of the predictor
variables affecting mathematics learning achievement is required to be conducted to
complement the limitations of this research.
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