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ABSTRACT —School participation among adolescents aged 16-18 years varies across provinces in Indonesia, reflecting disparities
in educational access. This study examines the associations of the Unemployment Rate (UR), Average Hourly Earnings of Employees
(AHE), Mean Years of Schooling (MYS), and Percentage of Poor Population (PPP) with the School Participation Rate (SPR) with a
panel dataset comprising 34 provinces observed from 2018 to 2023. Selection between the panel specifications was based on the
Chow and Hausman tests, with the results favoring the Fixed Effects Model (FEM). Diagnostic examination identified
heteroskedasticity, serial correlation, and cross-sectional dependence. The model was therefore re-estimated using the modified
Feasible Generalized Least Squares (FGLS) estimator proposed by Bai, Choi, and Liao, which accounts for these error dependencies.
Results show that AHE, MYS, and PPP were positively associated with SPR, with significant relationships at the 5% level, whereas
UR was positively but not significantly associated with SPR. These findings indicate that household economic capacity, educational
attainment, and poverty levels are significantly associated with differences in school participation across provinces, while provincial
unemployment conditions do not show a statistically significant association. The findings provide evidence on socioeconomic
factors associated with school participation among adolescents aged 16-18 years in Indonesia.

Keywords— Autocorrelation, Feasible Generalized Least Squares, Heteroskedasticity, Panel Data Regression, School Participation
Rate

. INTRODUCTION

Education plays a fundamental role in human capital development, particularly during the period when individuals
transition from schooling to labor market participation. This transition represents a critical stage in adolescents' lives, as
securing employment is often considered a key developmental milestone during this period [1]. For adolescents aged 16-
18 years, the decision to continue their education or enter the workforce is influenced by various socioeconomic factors,
including household income, parental educational attainment, and access to educational resources [2]. In Indonesia,
despite the implementation of the 12-year compulsory education policy, substantial disparities in the School Enrolment
Rate (SER; Angka Partisipasi Sekolah/APS) among upper secondary school-age adolescents persist across provinces. Data
from [3] in 2023 indicate that the SER for individuals aged 16-18 years ranged from 64.15% to 91.17% across the country's
34 provinces. These disparities suggest unequal opportunities for adolescents to remain engaged in secondary education,
potentially affecting their future educational attainment and labor market outcomes.

Adolescents' school participation is influenced not only by individual factors but also by the socioeconomic
conditions of their surrounding environment. Economic instability and labor market pressures can affect adolescents'
decisions to continue their education or enter the workforce prematurely. Research by [4] shows that parental
employment status has a negative impact on children's educational continuity, particularly during adolescence, a period
characterized by the transition from school to work. In addition to labor market conditions, wage policies may also
influence adolescents' educational decisions. Changes in the minimum wage can alter the opportunity cost of education,
thereby affecting whether adolescents choose to remain in school or enter the labor market. Research by [5] demonstrated
that increases in the minimum wage can reduce the likelihood of school dropout, especially among adolescents from
families with low socioeconomic status (SES). These findings suggest that wage policies have the potential to enhance
educational continuity and promote school participation among adolescents.

Adolescents' school participation is influenced by various socioeconomic conditions that may differ across regions
and change over time. This suggests that the effects of socioeconomic factors on school participation cannot be adequately
examined by focusing on a single region or a specific period alone. Therefore, this study employs panel data, which
combine cross-sectional and time-series data [6], allowing observations across provinces and over time simultaneously.
The panel data are analyzed using panel regression to examine the effects of independent variables on the dependent
variable. In panel data regression analysis, three modeling approaches are commonly used: the Common Effect Model
(CEM), Fixed Effect Model (FEM), and Random Effect Model (REM). The use of panel data has also been demonstrated
in a study by [7], which investigated factors affecting the School Enrolment Rate (SER) of individuals aged 16-18 years in
East Nusa Tenggara during 2017-2021 and identified the REM as the most appropriate model. Panel data enable the
simultaneous analysis of changes in the SER among adolescents aged 16-18 years and the socioeconomic factors affecting
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it across provinces and over time.

Although panel data regression can be used to analyze the effects of socioeconomic factors on the School Enrolment
Rate (SER) of individuals aged 16-18 years, such models may be subject to violations of classical assumptions, particularly
heteroskedasticity and autocorrelation. Differences in characteristics across provinces, as well as changes in
socioeconomic conditions over time, may lead to non-constant error variances and correlations among errors across
periods. If these violations are ignored, the resulting parameter estimates may become inefficient. One method that can
be employed to address these issues is the Feasible Generalized Least Squares (FGLS) estimator. By accounting for
heteroskedasticity and autocorrelation in panel data, FGLS can yield more efficient parameter estimates than Ordinary
Least Squares (OLS). [8]. The application of FGLS in panel data analysis has also been demonstrated in several studies,
including those conducted by [9] and [10]. Pasaribu and Ariani in [9] analyzed the factors influencing the growth of Gross
Regional Domestic Product (GRDP) across regencies and municipalities in East Nusa Tenggara Province. Meanwhile,
Simarmata and Khoirunurrofik in [10] applied FGLS to analyze data on access to early childhood education services in
Indonesia.

However, conventional FGLS may be limited when the panel error structure simultaneously exhibits
heteroskedasticity, serial correlation, and cross-sectional dependence. To address these conditions, Bai et al. in [11]
proposed a modified FGLS estimator that estimates the large error covariance matrix using a combination of thresholding
and banding procedures. The thresholding procedure is used to accommodate cross-sectional correlations, while banding
is used to account for serial correlations in the error structure [11][12]. This approach allows the covariance structure to
be estimated without imposing a specific parametric form and is therefore suitable for panel data in which the
dependence structure is not known a priori.

Although FGLS has been applied in various panel data studies, its application to the School Participation Rate (SPR),
particularly among individuals aged 16-18 years in Indonesia, remains relatively limited. Previous research on SPR has
predominantly relied on standard panel specifications, including CEM, FEM, and REM, while the joint presence of
heteroskedasticity, serial correlation, and cross-sectional dependence has received limited attention. Therefore, this study
examines the effects of the Unemployment Rate (UR; Tingkat Pengangguran Terbuka/TPT), Average Hourly Earnings of
Employees (AHE; Upah Rata-Rata Per Jam Pekerja/UP), Mean Years of Schooling (MYS; Rata-rata Lama Sekolah/RLS),
and Percentage of Poor Population (PPP; Persentase Penduduk Miskin/PPM) on the SPR of individuals aged 16-18 years
in Indonesia using the modified FGLS estimator proposed by Bai et al. in [11].

Il. LITERATURE REVIEW
A. Panel Data Regression

Panel data regression analysis is a statistical technique employed to investigate the impact of multiple predictor
variables on a response variable within a panel data framework [13]. The general specification can be expressed as follows
in Equation (1).

Vit = Bo + Ziz1 BicXuie + it O
where y;; denotes the dependent variable for unit i in period t. The term B, represents the constant term, while B denotes
the coefficient associated with the kth explanatory variable. The notation xy; refers to the value of explanatory variable
k observed for unit i at time ¢, and &;; represents the corresponding error term. Here, i = 1,2,...,N indexes the cross-
sectional units, whereas = 1,2,..., T indicates the time periods.

Three alternative model specifications are generally considered in panel data analysis, namely CEM, FEM, and REM.
The CEM combines data by disregarding differences in time and location, as illustrated in Equation (1). The FEM is used
in panel data analysis to estimate differences in intercepts between cross-sectional units and time, assuming constant
intercepts. In contrast, the REM is an estimation method in panel data analysis where the disturbance variables (error
terms) may be correlated across time and individuals. The FEM and REM equations are presented in Equations (2) and
(3), respectively [13].

Vit = Boi * Ziz1 Bickic + it 2
Vit = Bo + Zite1 Bickuit + Wies  Uje = I + &t (©)
; denotes the error on the ith individual observation.

Several specifications can be considered in panel data regression, namely the CEM, FEM, and REM. These models differ
in how they account for unobserved individual heterogeneity; therefore, selecting the appropriate specification requires
a formal model comparison procedure. The Chow and Hausman tests are commonly applied to identify the specification
supported by the data.

1. The Chow Test

The Chow test is a statistical technique employed to identify the optimal model in panel data analysis, specifically
between FEM and CEM. This test aims to examine whether all provinces, as cross-sectional units, exhibit homogeneous
behavior with respect to the observed variables (Abdussamad et al., 2024). The hypotheses used were as follows.

Ho:Bo1 = Boz = ** = Bon (CEM)

Hj: 3i # i* such that B¢; # Boi+; i,i* = 1,2,---,n (FEM)

The test statistics used are [13]
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= % ~Fa;(n—1),(nT—n—k) “)

The notation n represents the number of individuals or locations observed and T indicates the number of observation
periods. The number of predictor variables in the analysis is denoted as k. Furthermore, SSE; refers to the sum of squared
errors from the estimation using CEM, whereas SSE, refers to the sum of squared errors from the estimation using FEM.
If the value of F is greater than or equal to Fg;m-1),(nT-n-k), OF the p-value is less than o, H is rejected, indicating that the
FEM is more appropriate. Once the FEM is selected, the next step is to perform the Hausman test.

2. The Hausman Test

The Hausman test evaluates whether the unobserved individual effects are correlated with the explanatory variables
in the regression model. When no such correlation is detected, the REM is preferred over the FEM. The hypotheses tested
are formulated as follows:

Hy: corr(x;, ej) = 0 (REM)

H;: corr(xj, e;r) # 0 (FEM)

The test statistics for the hausman test are follows [13]:

X2 (&) = (b — B)'[var(b — )] (b — B) ~ xex ®)
When the test statistic x?(k) exceeds the critical value x5, or the p-value falls below the chosen significance level, the null
hypothesis is rejected, indicating that the FEM is the preferred model.

B. Fixed Effect Model (FEM) Estimation

The Fixed Effects Model (FEM) is a panel regression specification in which the intercept is allowed to vary across
individual units, while the slope coefficients of the independent variables remain constant across individuals. Although
structurally different from CEM, this model is widely used in panel data analysis because it can capture individual
characteristics that remain constant over time [14]. This model does not assume that individual characteristics are random
but rather constant, so their effects must be eliminated to avoid contaminating the estimation of the structural parameters
Bk. To eliminate the influence of By;, an individual transformation technique (within transformation) is used, which aims
to subtract each observation value from the time average for each individual. The first step of this process is to calculate
the average of each variable over time for individual i, which is formulated as follows:

yi= %Zg:ﬂ’itr Xy = %th=1int/ § = %Egzlsit
For each individual i, adjustments were made to the values y{;, X{, €j;,, representing the deviations from their respective
means.
Vit = Vit — Vi, Xiie = Xiit — Xkis €t = &t — &

Given that By; remains constant over time, it is eliminated through a transformation process. Consequently, the
transformed model is expressed as,

Vit = Egzﬂakxi*t + & (6)
This equation (6) can be reformulated in matrix notation as:
y* — X*B + E* (7)

The parameter 3 is subsequently estimated using the Ordinary Least Squares (OLS) method applied to the transformed
dataset, specifically:

B=X"X)"Xy) (8)

C. Feasible Generalized Least Square for Fixed Effect Model

Feasible Generalized Least Squares (FGLS) represents an advancement of the Generalized Least Squares (GLS)
methodology, employed when the classical assumptions of Ordinary Least Squares (OLS) are not satisfied. A
fundamental assumption of OLS is homoscedasticity, which requires the error term to have a constant variance and is
mathematically denoted by E(¢'e) = 621. When this assumption is breached, indicating that the variance may not be
constant (i.e., heteroscedasticity is present), the GLS method is utilized to estimate the regression coefficients. The
estimation of (3 in the GLS framework is achieved by initially transforming the linear regression model to align with OLS
assumptions. The assumptions inherent in the GLS method are E(e) = 0 and E(eg') = £ = 6%Q, where Q is a known,
symmetric, positive-definite, and non-singular matrix of dimensions n x n. Consequently, £ can be decomposed as:

Q = CAC = (CAY/?)(aY?C) =B B’ ©9)

the column vectors of C are the eigenvectors of @, A is a diagonal matrix containing the eigenvalues of Q, and A2 is a
diagonal matrix whose i-th diagonal element is \/A;. Based on Equation (9), the inverse of matrix Q can be expressed as:
Q1= (BB)!'=CAYV2A"1/2C = GG’ (10)

The transformed fixed effect panel data regression model in Equation (8), when applying the parameter estimation
concept of GLS, can be articulated as in Equation (11):

Gy" = GX'B + Ge&* (11)
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thus, the form of the fixed effect panel data regression model that satisfies the classical assumptions, based on Equations
(8) and (11), can be expressed as:

y=Xp"+& (12)
with E(88") = Go2QG’ = o?I. Since the variance now adheres to the assumption of homoskedasticity, the OLS method
can be applied to the transformed regression model, yielding the following estimator for p:
B=Xao X)) (Xaty) (13)
(15]
In practical applications, the structure of the covariance matrix Q is frequently unknown, rendering the direct application
of the GLS method infeasible. Consequently, the FGLS method is employed, which constitutes a variant of GLS that
incorporates an estimation of Q. The FGLS method substitutes the unknown matrix () with an estimator that is consistent
with its structure, denoted as Q = Q(f). This method not only addresses heteroskedasticity but also effectively manages
autocorrelation, a common issue in panel data [16]. Let B represent the consistent estimator of the parameter {3; it can be
formally expressed as:

lim P{|B—B|<8}=1,8>0

n— co
It is indicating that the probability of B being within the & interval and B approaches one as the sample size increases.
Assuming that Q is a consistent estimator of , it follows that asymptotically @ — Q, thereby allowing the FGLS estimator
to approximate the performance of the ideal GLS estimator [15]. In the context of a fixed-effects panel data model, the
within-transformation approach is initially applied to eliminate the influence of unobservable individual fixed effects.
Subsequently, parameter estimation is conducted using FGLS in the following form:

B=Xa'X)(XQy) (14)

D. Modified Feasible Generalized Least Square for Fixed Effect Model

Bai et al. in [11] proposed a modified Feasible Generalized Least Squares (FGLS) estimator for panel data models in
which the error terms may exhibit heteroskedasticity, serial correlation, and cross-sectional correlation simultaneously.
The main difficulty arises from the covariance matrix of the stacked error vector, which has a high-dimensional structure.
Rather than imposing a specific parametric form on this covariance matrix, the proposed approach constructs a
nonparametric estimator by exploiting the temporal dependence structure and the sparsity of cross-sectional correlations.
Consider the linear panel model,

Yig = X(igB + Uy (15)
or, after stacking the observations over individuals and time,
Y=XB+U. (16)
Let the covariance matrix of the stacked error vector be,
Q = E(UU"). (17)
Because Q has dimension NT X NT, directly estimating all of its elements becomes computationally demanding when N
and T are large. The modified FGLS procedure therefore estimates the covariance matrix in blocks according to the

temporal lag.
For a given lag, the sample covariance between cross-sectional units i and j is estimated from the residuals as,

5 _1gr PP

Rpij = 7 Xt=n+1 Uitlhje—n (18)

An analogous expression is used for negative lags. These lag-specific covariance estimates form the basis for constructing
the large covariance matrix.

To control the large number of cross-sectional covariance elements, Bai et al. in [11] employ a thresholding procedure.
In particular, the soft-thresholding function is defined as,

sy (2) = sgn(@)(|z] — 7))+ (19)
where (x), = x when x = 0, and (x); = 0 otherwise. The threshold is allowed to vary across pairs of cross-sectional units
and is specified as,

Ty = Myr /mo,ii”Ro,jﬂ (20)
where y; = ’w

The thresholding operation reduces small cross-sectional covariance elements while retaining stronger dependencies.
The resulting thresholded covariance matrix for lag h is denoted by,

Qp = (Ghij)nxn (21)
This procedure allows the cross-sectional dependence structure to be sparse without requiring the researcher to specify

the relevant clusters in advance. Serial correlation is incorporated through a banding procedure. For the (¢, s)-th block,
with h = t — s, the estimated covariance matrix is constructed as,
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— w(lhl,L)Q,,  |h| <L
Q.= 22
bs { 0 |n| > L ©2)
where L denotes the bandwidth and w(h, L) is a kernel function. Bai et al. in [11] use the Bartlett kernel, given by
w(h, L) =1-—= (23)

L+1
The banded and thresholded covariance blocks are then assembled to obtain the estimated large error covariance
matrix,

Q= (Q)is=1 (24)
which has dimension NT X NT. This estimator is constructed nonparametrically and does not require a prespecified
parametric structure for the covariance matrix.

Given the estimated covariance matrix, the modified FGLS estimator of is obtained as,
Brais = XX (X'Q7YY) (25)
Thus, the estimated covariance structure is incorporated directly into the estimation through, which serves as the
weighting matrix in the FGLS procedure. Bai et al. in [11] further establish the asymptotic validity of the proposed

estimator by showing that the estimation error arising from replacing the population covariance matrix with its estimated
counterpart is asymptotically negligible. This is expressed by,

J%x'(ﬁ—l — 0 U = 0,(1) (26)

Here 0p(1), denotes convergence to zero in probability as the panel dimensions increase.

lll. METHODOLOGY

In this section, the authors state their data source, methodology of research, and step of analysis. This study employs
panel data covering 34 provinces in Indonesia from 2018 to 2023, obtained from the Indonesian Central Statistics Agency
(Badan Pusat Statistik, BPS) through https://www.bps.go.id/id. The study period was limited to 2023 for two main
reasons. First, starting in 2024, statistical data for the Papua region were reported separately for six provinces, namely
Papua, South Papua, Central Papua, Highland Papua, West Papua, and Southwest Papua. Consequently, the provincial
units of observation are no longer consistent with those in the preceding years. Aggregating data from the newly
established provinces into the original parent provinces is not methodologically feasible due to the characteristics of the
variables used in this study, particularly the Average Hourly Earnings of Employees (AHE), which are measured
separately for each province and therefore cannot be aggregated reliably. Second, using the most recent data following
the regional expansion, namely the 2024-2025 period, would result in a relatively short time dimension (T = 2), which
may be inadequate for panel data estimation. Therefore, the 2018-2023 period was selected because it provides a
consistent set of cross-sectional units together with a sufficient time dimension for panel data analysis. The variables
employed in this study are presented in Table 1.

Table 1 Research variables, definitions, and measurement unit

Variable Description Unit
v School Participation Rate (SPR; Angka Partisipasi Percent (%)
Sekolah/APS) among adolescents aged 16-18 years
X Unemployment Rate (UR; Tingkat Pengangguran Percent (%)
' Terbuka/TPT),
Average Hourly Earnings of Employees (AHE; Upah In.dones1an
X Rata-Rata Per Jam Pekerja/UP) Rupiah per hour
(IDR/hour)
X Mean Years of Schooling (MYS; Rata-rata Lama Years
3 Sekolah/RLS)
X Percentage of Poor Population (PPP; Persentase Percent (%)
* Penduduk Miskin/PPM)

The data analysis in this study was conducted through the following steps:

1. Conducting exploratory data analysis (EDA) to examine the trends and characteristics of the School Participation Rate
(SPR), Unemployment Rate (UR), Average Hourly Earnings of Employees (AHE), Mean Years of Schooling (MYS),
and Percentage of Poor Population (PPP) during the period 2018-2023.

2. Standardizing all variables using a global z-score transformation, with the mean and standard deviation calculated
from all province-year observations, to ensure comparability among variables measured on different scales

3. Estimating panel data regression models, including the CEM, FEM, and REM.

4. Selecting the appropriate panel data regression specification involves the Chow and Hausman tests. The CEM and
FEM are compared using the Chow test, whereas the FEM and REM are assessed using the Hausman test.

5. Performing diagnostic tests on the selected model, including the residual normality test, heteroskedasticity test,
autocorrelation test, cross-sectional dependence test, and multicollinearity test.
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6. Re-estimating the selected panel data model using the FGLS approach when violations of the error structure
assumptions were detected. The modified FGLS estimator proposed by Bai et al. in [11] was employed to jointly
account for heteroskedasticity, serial correlation, and cross-sectional correlations through estimation of the large error
covariance matrix using banding and thresholding methods.

7. Evaluating the modified FGLS estimation by examining the resulting standard errors and calculating the within R?
as a descriptive measure of model fit. The within R? was obtained from the fitted values based on the modified FGLS
coefficient estimates.

8. Comparing the standard errors obtained from the FEM-OLS, standard FEM-FGLS, and modified FEM-FGLS
estimations to assess changes in statistical uncertainty resulting from alternative specifications of the error covariance
structure.

9. Interpreting the estimation results and drawing conclusions regarding the determinants of school participation
among adolescents aged 16-18 years in Indonesia.

IV. RESULTS AND DISCUSSIONS
A. Exploratory Data Analysis

The first stage of this study involved an exploratory data analysis of the School Participation Rate (SPR) among
adolescents aged 16-18 years in Indonesia from 2018 to 2023. The analysis incorporated several explanatory variables,
namely the Unemployment Rate (UR), Average Hourly Earnings of Employees (AHE), Mean Years of Schooling (MYS),
and Percentage of Poor Population (PPP), across 34 provinces in Indonesia.

X1 X2 X3
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5.5 914
18000 4
9.0+
5.0 17000 1
8.9+
16000 1 88+
] T r r
= 2 Gl - v
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10.4
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10.24 74.50 4

Figure 1 Average variable trends by year

The line graph in Figure 1 shows that the School Participation Rate (SPR; Y) increased from 74.3% in 2018 to 75.5% in
2021. This increase occurred relatively consistently from year to year. However, a slight decline was observed in 2022,
with the SPR decreasing to 75.1%. One factor that may have contributed to this decline is the lingering impact of the
COVID-19 pandemic, which continued to affect access to education, educational quality, and schooling continuity across
various regions. Overall, the trend indicates that school participation among adolescents aged 16-18 years in Indonesia
generally improved during the study period, although challenges remain that may affect the stability of these
achievements.

In addition to SPR, Figure 1 also presents the trends of four predictor variables presumed to be associated with the
school participation rate, namely the Unemployment Rate (UR; X;) Average Hourly Earnings of Employees (AHE; Xj),
Mean Years of Schooling (MYS; X3), and Percentage of Poor Population (PPP; X,). The AHE and MYS variables exhibited
an upward trend throughout the observation period, consistent with the increasing pattern of SPR. In contrast, UR and
PPP displayed more fluctuating patterns. UR increased sharply in 2020 before declining in subsequent years, whereas
PPP decreased through 2020, rose in 2021, and declined again in 2022. Descriptively, these patterns suggest that
improvements in community welfare and educational attainment tended to coincide with increases in SPR, while labor
market conditions and poverty levels demonstrated more varied dynamics throughout the study period. Nevertheless,
these relationships remain indicative and require further statistical analysis to examine the effect of each variable on SPR.

B. Panel Data Regression Model Selection

Panel data regression can be estimated using three alternative approaches, namely the CEM, FEM, and REM [17][18].
These models differ in how they account for unobserved heterogeneity among cross-sectional units, therefore, selecting
the most appropriate model is essential to ensure consistency with the characteristics of the data. The CEM assumes that
the data are homogeneous and does not account for individual or time-specific differences. In contrast, the FEM allows
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for unobserved individual heterogeneity by incorporating fixed effects assumed to remain constant over time.
Meanwhile, the REM treats individual-specific differences as random effects uncorrelated with the explanatory variables.

The model selection procedure was carried out using several statistical tests. The Chow test was conducted to assess
the choice between the FEM and CEM, while the Hausman test was applied to identify the preferred specification
between the FEM and REM. In addition, the Breusch-Pagan Lagrange Multiplier (LM) test was used to evaluate the choice
between the REM and CEM [19]. Based on the outcomes of these tests, the panel data regression model most suitable for
this study can be selected.

For the SPR data, the Chow test resulted in an F-statistic of 594.16 and a p-value of 2.2 X 10716, which is below the 0.05
significance level. This finding suggests that the individual effects are statistically significant, hence, the null hypothesis
that the CEM is more appropriate was rejected. Accordingly, the FEM was considered more suitable than the CEM for
modeling the SPR data.

Following the selection of the FEM through the Chow test, the Hausman test was subsequently conducted to evaluate
the choice between the FEM and the REM. The test produced a chi-square statistic of 21.52 with a p-value of 0.00025,
which is lower than the 0.05 significance level. This led to rejection of the null hypothesis. This result indicates a
correlation between the individual effects and the independent variables, suggesting that the REM estimator is
inconsistent. Consequently, the FEM was selected as the most suitable model for the SPR data. As a result, the Breusch-
Pagan LM test was not performed, since both the Chow and Hausman tests indicated that the FEM was the preferred
model.

C. Estimation Results of the Selected Panel Data Regression Model

According to the model selection procedure presented in the preceding subsection, the FEM was selected as the most
suitable specification for analyzing the School Participation Rate (SPR) data. Consequently, parameter estimation was
performed using the within estimator under the Ordinary Least Squares (OLS) framework [20][21]. The FEM was applied
to control for the influence of time-invariant unobserved characteristics at the province level, so that the resulting
parameter estimates are not affected by factors that remain constant throughout the observation period but are not
included in the model.

Prior to estimation, all variables were standardized to facilitate coefficient comparability. Therefore, the estimated
coefficients reported in Table 2 can be interpreted as standardized effects, allowing direct comparison of the relative
importance of the explanatory variables.

Table 2 Estimation Results of the Fixed Effect Model (FEM) Estimated by OLS

Variable Coefficient Standard Error t-statistic p-value Decision
UR (X;) 0.0082164 0.0118861 0.6913 0.49037 Not Significant
AHE (X;) 0.0253022 0.0129478 1.9542 0.05236 Not Significant
MYS (X3) 0.2772610 0.0283527 9.7790 <2x10716 Significant
PPP (X,) 0.0988130 0.0658702 1.5001 0.13548 Not Significant

Table 2 shows that the Mean Years of Schooling (MYS) is the only variable with a statistically significant relationship
with the School Participation Rate (SPR), with a standardized coefficient of 0.277 and a p-value below the 0.05 threshold.
This result suggests that a one-standard-deviation increase in MYS corresponds to a 0.277-standard-deviation increase in
SPR. The finding highlights the important role of educational attainment in explaining variations in school participation.

In contrast, UR, AHE, and PPP also exhibit positive coefficients of 0.0082164, 0.0253022, and 0.0988130, respectively,
but their corresponding p-values of 0.49037, 0.05236, and 0.13548 exceed the 0.05 threshold. Hence, these three variables
do not provide sufficient statistical evidence of a relationship with SPR under the selected significance criterion. Overall,
MYS is the only explanatory variable in the model that shows a statistically supported positive relationship with SPR.

D. Panel Data Regression Assumption Tests
After identifying the FEM as the preferred panel data specification, the next step was to conduct diagnostic tests of the

panel regression assumptions. These tests were performed to ensure that the selected model satisfies the underlying

assumptions required for reliable parameter estimation and statistical inference. The diagnostic tests conducted in this

study included the residual normality test, heteroskedasticity test, autocorrelation test, and multicollinearity test.

1) Residual Normality Test
The residual normality assumption was examined using the Anderson-Darling test. The test yielded a A statistic of
0.6083 with a p-value of 0.1125, which exceeds the 5% significance level. With a p-value above 0.05, there is insufficient
evidence to reject the null hypothesis, supporting the assumption of normally distributed residuals. Thus, the results
provide no evidence of a violation of the normality assumption in the FEM.

2) Heteroskedasticity Test
The heteroskedasticity assumption was assessed using the Breusch-Pagan (BP) test. The resulting BP statistic was
48.349, with a p-value of 7.98 x 1010, falling below the 0.05 criterion. This result provides sufficient evidence to reject
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the null hypothesis and indicates the presence of heteroskedasticity in the model. Consequently, the error variance is
not uniform across observations, implying that the homoskedasticity assumption is violated.

3) Autocorrelation Test
Autocorrelation in the panel data model was examined using the Wooldridge first-difference test. The test yielded an
F-statistic of 5.55 with a p-value of 0.0199, which is smaller than the 5% significance level. The test result provides
sufficient evidence against the null hypothesis, suggesting that autocorrelation is present in the model residuals.

4) Cross-sectional Dependence Test
Cross-sectional dependence in the panel data model was examined using the Pesaran CD test. The test yielded a z-
statistic of 2.702 with a p-value of 0.006891, which is below the 0.05 threshold. The findings provide sufficient evidence
to reject the null hypothesis and suggest the presence of cross-sectional correlations in the model errors.

5) Multicollinearity Test
The multicollinearity test was conducted to detect the presence of high correlations among the independent variables.
Variance Inflation Factor (VIF) values were used as the diagnostic measure, where a VIF value exceeding 10 indicates
a potential multicollinearity problem. Based on the analysis, the VIF values for the independent variables were as
follows: 1.50 for the Unemployment Rate (UR), 1.36 for the Average Hourly Earnings of Employees (AHE), 1.62 for
the Mean Years of Schooling (MYS), and 1.22 for the Percentage of Poor Population (PPP). Since all VIF values are
well below 10. As all VIF values remain substantially below the threshold of 10, the findings provide no evidence of
multicollinearity among the explanatory variables.

Based on the results of the diagnostic tests, the FEM estimated using OLS satisfies the assumptions of residual normality
and absence of multicollinearity. However, the model exhibits heteroskedasticity, serial correlation, and cross-sectional
dependence. Therefore, parameter estimation was subsequently performed using the FGLS approach proposed by Bai et
al. in [11], which is specifically developed to accommodate heteroskedasticity, serial correlation, and cross-sectional
correlations in panel data. In their approach, serial correlations are addressed using a banding method, while cross-
sectional correlations are accounted for using a thresholding method in estimating the large error covariance matrix. The
proposed FGLS estimator is theoretically supported by a limiting distribution and is designed to improve estimation
efficiency in the presence of heteroskedasticity, serial correlation, and cross-sectional correlations. Accordingly, this
approach is employed to obtain parameter estimates while accounting for the identified dependence structure in the
panel errors.

E. Fixed Effect Model Estimated Using Feasible Generalized Least Squares

Based on the diagnostic tests, the FEM was retained as the underlying model specification, while the estimation
procedure was adjusted to account for the identified violations in the error structure. Specifically, the model exhibited
heteroskedasticity, serial correlation, and cross-sectional dependence. Therefore, parameter estimation was subsequently
performed using the FGLS estimator of Bai et al. in [11]. This approach jointly accommodates heteroskedasticity, serial
correlation, and cross-sectional correlations through the estimation of a large error covariance matrix that combines
banding and thresholding techniques. By explicitly accounting for these three sources of error dependence, the BCL-
FGLS approach provides an estimation framework that is more appropriate for the error structure identified in this study
than an FGLS specification that accounts only for heteroskedasticity and serial correlation.

Table 3 Estimation Results of the Fixed Effect Model Using the Modified FGLS Estimator of Bai et al. in [11]

Variable Coefficient Standard Error t-statistic p-value Decision
UR (X,) 0.0022585 0.0083050 0.2719 0.7860 Not Significant
AHE (X,) 0.0224138 0.0090843 2.4673 0.0147 Significant
MYS (X3) 0.2754109 0.0186659 14.7548 1.03 x 10731 Significant
PPP (X,) 0.1023185 0.0390389 2.6209 0.0096 Significant

Table 3 reports the results obtained from the modified FGLS estimation. The signs of the estimated coefficients remain
consistent with those obtained from the FEM estimation presented in Table 2. All explanatory variables retain positive
coefficients under both estimation approaches. However, the statistical significance of some variables changes after
accounting for heteroskedasticity, autocorrelation, and cross-sectional dependence in the error structure. This indicates
that accounting for the dependence structure of the panel errors affects the estimated standard errors and, consequently,
the statistical inference, while the direction of the estimated relationships remains unchanged. Since all variables were
standardized prior to estimation, the estimated coefficients represent standardized effects. Based on the modified FGLS
estimation, three variables have statistically significant positive effects on the School Participation Rate (SPR) at the 5%
significance level, namely the Average Hourly Earnings of Employees (AHE), the Mean Years of Schooling (MYS), and
the Percentage of Poor Population (PPP).

AHE has an estimated coefficient of 0.0224, and its p-value of 0.0147 falls below the 0.05 threshold, indicating a positive
and statistically significant coefficient. With the other explanatory variables held constant, a one-standard-deviation
increase in AHE corresponds to a 0.0224-standard-deviation increase in SPR. This finding suggests that higher employee
earnings may contribute to greater school participation by enhancing household purchasing power and financial capacity
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to support educational expenses [22]. The findings reported by Widiasti [23] also lend support to this result, showing
that higher provincial minimum wages were positively and significantly associated with upper-secondary school
participation in Indonesia. Although the study in [23] employed a Random Effects Model based on data from 12
provinces, the consistency in the direction of the estimated effect with the present study which applies a Fixed Effect
Model to data from 34 provinces suggests that higher earnings may serve as an indirect mechanism for improving access
to education through enhanced household economic capacity.

Meanwhile, the MYS variable has a positive and statistically significant standardized coefficient of 0.2754 (p-value =
1.03 x 107%), implying that a one standard deviation increase in MYS is associated with a 0.2754 standard deviation
increase in SPR. This finding indicates that provinces with higher educational attainment tend to exhibit higher levels of
school participation. MYS reflects the overall educational attainment of the population [24] and serves as an indicator of
educational development within a region. Provinces with higher MYS generally possess more developed educational
systems, characterized by better school availability, higher-quality teachers, and more adequate supporting
infrastructure. Such conditions are conducive to sustained school participation among adolescents.

Similarly, the PPP exhibits a positive and statistically significant association with the School Participation Rate (SPR),
with a standardized coefficient of 0.1023 (p-value = 0.0096). This indicates that a one standard deviation increase in PPP
is associated with a 0.1023 standard deviation increase in SPR, holding the other variables constant. This positive
association contrasts with the conventional expectation that higher poverty constrains school participation, as reported
by Rahmatin and Soejoto in [25]. However, its direction is consistent with Parawanza and Suharianto in [26] who reported
a positive but statistically insignificant relationship. This positive association may reflect the role of educational and social
assistance, such as scholarships, the Indonesia Smart Program (PIP), and targeted social assistance, in mitigating the
adverse effects of poverty on school participation [26]. In addition, improved access to schools and greater public
awareness of the importance of education may contribute to sustaining school participation among adolescents [26].
Thus, such interventions may help areas with relatively high poverty levels maintain relatively high school participation
rates.

In contrast, the estimated coefficient of UR is positive, but the evidence (p-value > 0.05) is insufficient to establish a
statistically significant effect on the SPR among adolescents aged 16-18 years. This result suggests that labor market
conditions at the provincial level do not exert a strong influence on school participation decisions at the upper-secondary
level. One possible explanation is that educational decisions among individuals aged 16-18 years are more strongly
shaped by long-term structural factors, such as educational attainment as reflected by MYS and household economic
capacity as proxied by AHE, rather than by short-term fluctuations in labor market conditions. Furthermore, provincial-
level aggregate data may not be sufficiently sensitive to capture the influence of labor market conditions on individual
schooling decisions, given the substantial heterogeneity in household characteristics within provinces.

The insignificance of the UR variable may also be associated with policies aimed at expanding access to secondary
education in Indonesia. Under Permendikbud No. 80 of 2013, the Universal Secondary Education Program (Pendidikan
Menengah Universal, PMU) was established, targeting adolescents aged 16-18 years, with the goal of achieving a gross
enrollment ratio of 97 percent by 2020 [27]. Notably, the target age group of the PMU corresponds exactly to the age
group examined in this study. The program was further supported by the Indonesia Smart Program (Program Indonesia
Pintar, PIP), which aims to ensure that all citizens can pursue education up to the secondary level without financial
barriers [28]. These policies are presumed to have reduced the influence of short-term economic conditions on the
schooling decisions of adolescents aged 16-18 years, although the success of their implementation remains variable across
regions in Indonesia.

In terms of model fit, the modified FGLS estimation yields a within R? of 0.5326. This indicates that approximately
53.26% of the within-province variation in the SPR over time is explained by the four explanatory variables, namely UR,
AHE, MYS, and PPP, after accounting for province-specific fixed effects. Thus, the model captures a substantial
proportion of the variation in SPR within provinces over the study period.

Table 4 Comparison of Standard Errors Across FEM-OLS, Standard FEM-FGLS, and Modified FEM-FGLS

Variable FEM-OLS FEM-FGLS FEM-Modified FGLS
UR (Xy) 0.0118861 0.0077251 0.0083050
AHE (X,) 0.0129478 0.0075610 0.0090843
MYS (X3) 0.0283527 0.0293120 0.0186659
PPP (X,) 0.0658702 0.0511636 0.0390389

Under the FEM estimated using OLS, the presence of heteroskedasticity, serial correlation, and cross-sectional
dependence indicates that the error variance-covariance structure does not satisfy the classical assumptions.
Consequently, the conventional standard errors may not provide reliable statistical inference, potentially affecting the
validity of hypothesis tests [29]. Although these violations do not necessarily bias the coefficient estimates under the
relevant exogeneity conditions ([30] as cited in [31]), they can affect the estimated standard errors and, consequently,
statistical inference.
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The standard FGLS approach explicitly models the error variance-covariance structure and can account for
heteroskedasticity and serial correlation [11]. As shown in Table 4, the standard FGLS produces lower standard errors
than the FEM-OLS estimation for UR, AHE, and PPP, while the standard error of MYS increases slightly. This increase
does not by itself indicate a loss of overall estimator efficiency, since FGLS does not minimize the standard error of each
coefficient individually. Rather, the change reflects the different weighting of observations resulting from the estimated
error covariance structure. A notable change in statistical significance is observed for AHE, which becomes statistically
significant at the 5% level following FGLS estimation. This change is attributable to the reduction in its standard error,
resulting in a larger t-statistic.

To further account for the cross-sectional dependence identified in the diagnostic tests, the modified FGLS estimator of
Bai et al. [11] was subsequently applied. This approach incorporates both banding to account for serial correlation and
thresholding to account for cross-sectional correlation in the estimation of the error covariance matrix. The modified
FGLS produces standard errors of 0.0083, 0.0091, 0.0187, and 0.0390 for UR, AHE, MYS, and PPP, respectively. Compared
with the FEM-OLS estimation, the standard errors are lower for all four explanatory variables under the modified FGLS.
This indicates that accounting for the heteroskedasticity, serial correlation, and cross-sectional dependence present in the
panel errors changes the estimated uncertainty of the coefficients.

The modified FGLS estimation also changes the statistical inference for several variables. In particular, AHE, which
was not statistically significant under the FEM-OLS estimation, becomes statistically significant at the 5% level under the
modified FGLS, with its standard error decreasing from 0.0129 to 0.0091. PPP also becomes statistically significant, while
MYS remains highly statistically significant. These changes illustrate that accounting for the dependence structure of the
panel errors can affect statistical inference even when the direction of the estimated coefficients remains unchanged.
Therefore, the modified FGLS provides statistical inference that accounts for the identified heteroskedasticity, serial
correlation, and cross-sectional dependence.

V. CONCLUSIONS AND SUGGESTIONS

The model selection results favored the Fixed Effects Model (FEM) as the appropriate specification for the panel data
analysis. Subsequent diagnostic testing revealed heteroskedasticity, serial correlation, and cross-sectional dependence.
Therefore, the model was re-estimated using the modified FGLS estimator proposed by Bai et al. in [11]. The results show
that AHE, MYS, and PPP have positive and statistically significant associations with SPR among adolescents aged 16-18
years, while UR is not statistically significant. The positive association between PPP and SPR should not be taken to mean
that poverty itself increases school participation, as it may reflect the role of educational assistance, social protection, and
access to education in maintaining school participation in provinces with relatively high poverty levels. These findings
are limited to the provincial-level context and do not establish causal relationships.

Several limitations of this study should be taken into account in subsequent research. First, the modified FGLS
estimator has specific theoretical requirements regarding the dimensions of panel data, which may affect the reliability
of statistical inference in panels with a relatively short time dimension. Second, provincial-level aggregate data may not
fully capture individual- and household-level factors underlying school participation, while the use of MYS may involve
potential endogeneity and reverse causality. Future studies could incorporate micro-level data, lagged variables, or
instrumental-variable approaches. Finally, spatial econometric models, such as SAR or SEM, could be considered to
examine the spatial mechanisms underlying the observed cross-sectional dependence. Extending the observation period
and incorporating additional socioeconomic, educational, and policy-related variables may also provide a broader
understanding of the factors associated with school participation.
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  δ  


  β


      𝛀 ^


  𝛀


    𝛀 ^ → 𝛀


    𝛃 ^ =   (   𝐗 ~ ′     𝛀 ^  − 1   𝐗 ~ )  − 1  (   𝐗 ~ ′     𝛀 ^  − 1   𝐲 ~ )


    𝐲   { 𝐢 𝐭 } =   𝐱   { 𝐢 𝐭 } ′ 𝛃 +   𝐮   { 𝐢 𝐭 }


  𝐘 = 𝐗 𝛃 + 𝐔 .


    𝛀 = 𝐄  ( 𝐔   𝐔 ′ )


  𝛀


  NT × NT


  i


  j


      R ^  h , i j =   𝟏  𝑻   ∑  𝒕 = 𝒉 + 𝟏  𝑻      𝒖 ^  𝒊 𝒕     𝒖 ^  𝒋 , 𝒕 − 𝒉  


    s   { i j } ( z ) = sgn ( z )   (  | z | −   𝜏  i j ) +


    ( 𝒙 ) + = 𝒙  


  x ≥ 0 ,  


    ( 𝒙 ) + = 𝟎


    𝜏  i j = M   𝛾  T      | R ^  0 , i i | |     R ^  0 , j j |


    𝛾  T =    l o g ( L N )  T


  h


        𝛀 ^  𝒉 =   (     𝝈 ^  𝒉 , 𝒊 𝒋 )  N × N


  ( t , s )


  h = t − s


        𝛀 ^  𝒕 , 𝒔 =  {    𝜔  (  | h | , L )       𝛀 ^  𝒉 ,                   | h | ≤ L           𝟎                                                        | h | > L


  L


  𝝎  ( h , L )  


  𝜔  ( h , L ) = 1 −  h  L + 1


    𝛀 ^ =   (       𝛀 ^  𝒕 , 𝒔 )  𝒕 , 𝒔 = 𝟏  𝑻


  NT × NT


      𝛃 ^  F G L S =     ( 𝐗 ′     𝛀 ^  − 1 𝐗 )  − 1  ( 𝐗 ′     𝛀 ^  − 1 𝐘 )


    𝟏   𝑵 𝑻   𝑿 ′  (     𝛀 ^  − 𝟏 −   𝛀  − 𝟏 ) 𝑼 =   o  P ( 1 )


    𝒐  𝑷 ( 𝟏 )


  Y


   X 1


   X 2


   X 3


   X 4


   R 2


   R 2


   X 1


   X 2


   X 3


   X 4


  2 . 2   ×  10  − 16


   X 1 )


   X 2 )


   X 3 )


  < 2 ×  10  − 16


   X 4 )


  7 . 98 ×  10  − 10


   X 1 )


   X 2 )


   X 3 )


  1 . 03 ×  10  − 31


   X 4 )


  1 . 03 ×  10  − 31


   R 2


   X 1 )


   X 2 )


   X 3 )


   X 4 )

