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Introduction/Main Objectives: The high percentage of out-of-school 

children with disabilities in Indonesia reveals a significant gap in educational 

participation. Background Problems: Due to the absence of disability-

focused surveys, accurate data are only available at the national level, which is 

insufficient to represent regional conditions. Novelty: With the increasing 

demand for small area data, this study estimates the percentage of out-of-school 

children with disabilities at the provincial and district levels simultaneously, 

using small area estimation (SAE). Research Methods: This study applies 

SAE using a twofold subarea-level model with a Hierarchical Bayes (HB) beta 

approach, covering all 34 provinces and 514 districts/cities in Indonesia. This 

model was developed using data from the National Socio-Economic Survey 

(Susenas) and the Village Potential Statistics (Podes). Finding/Results: The 

twofold HB beta SAE model achieves higher precision than direct estimation, 

as shown by lower relative standard errors (RSE) across regions. Furthermore, 

spatial patterns indicate that the percentage of out-of-school children with 

disabilities is mostly between 35.36% and 45.34%, with clusters concentrated 

in Kalimantan and Papua. 
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1. Introduction 

The rapid advancement of technology and information compels societies worldwide to adapt and 
innovate in response to continuous transformations [1]. Enhancing the quality of human resources is one 
of the key ways to address this dynamic global transformation [2]. This can be pursued, among other 
ways, through education [3]. Education is positioned as a primary focus within the Sustainable 
Development Goals (SDGs), specifically Goal 4, “Quality Education”, which underscores the 
importance of inclusive and equitable education for all [4]. However, existing empirical evidence 
indicates that achieving this target remains challenging. UNESCO reported an increase of six million 
out-of-school children (OOSC) globally, bringing the total to 250 million in 2023 [5]. This figure 
accounts for 16 percent of the global child population [6]. Within this population of out-of-school 
children, children with disabilities constitute a particularly vulnerable group. They face greater barriers 
to accessing education due to physical, social, and institutional challenges. According to UNICEF, 
issues related to disability are not a new concern and have been a growing area of focus for more than a 
decade. In 2021, UNICEF released the most comprehensive global statistical analysis on children with 
disabilities, revealing that approximately 240 million children worldwide live with disabilities. The 
report highlights significant educational disparities, showing that children with disabilities are 49 
percent more likely to have never attended school compared to their peers without disabilities [7]. This 
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evidence underscores that despite global commitments to inclusive and equitable education under SDG 
4, the specific educational needs of children with disabilities remain insufficiently addressed. 

 

 
Source: Education Statistics 2023 (BPS) 

Figure 1. The percentage of out-of-school children by age group and characteristics 

In the Indonesian context, horizontal inequality in school participation between children with and 
without disabilities remains a substantial issue. School participation, as an indicator of educational 
success, can be observed through the percentage of out-of-school children [8]. Out-of-school children 
refer to school-age children, generally aged 7-18 years, who have never attended school or who dropped 
out before completing their education [9]. Many children within the 7–18 age group in Indonesia still 
experience limited access to both formal and informal education [10]. Figure 1 shows the persistent gap 
in school participation between children with and without disabilities across all age groups in Indonesia. 
The percentage of out-of-school children is consistently higher among those with disabilities, indicating 
that school participation among children with disabilities remains significantly lower at every age level. 

Persons with disabilities, as members of society, should be entitled to the same rights as others, 
including the right to education. Ensuring access to education for persons with disabilities is not only a 
constitutional mandate but also a crucial step toward achieving the fourth SDGs, which emphasizes 
quality, inclusive, and equitable education for all [11]. The Government of Indonesia has demonstrated 
a strong commitment through various policies and programs, including equivalency education, 
educational affirmative action programs, “Wajib Belajar 12 Tahun” program, and the implementation 
of inclusive and special education designed for learners with disabilities. These initiatives are expected 
to expand access and reduce educational disparities for persons with disabilities. 

Thus, the availability of data on persons with disabilities is crucial for tracking progress toward the 
SDGs and other development goals. The United Nations also requires every country to collect accurate 
data on persons with disabilities [12]. Such data can be used to assess whether the rights of persons with 
disabilities, particularly the right to education, have been fulfilled. In addition, the World Health 
Organization (WHO) has urged countries to gather disability-related data in order to monitor their living 
conditions and anticipate potential gaps or inequalities [13].  

In Indonesia, the availability of disability-related data is still highly restricted [14]. Data is needed 
not only to identify existing gaps but also as a basis for formulating evidence-based policies to meet the 
needs of persons with disabilities and address the inequalities they experience [15]. Data availability 
also enables monitoring of implemented policies so that their effectiveness in addressing existing issues 
can be evaluated. BPS Statistics Indonesia as the official data provider, does not conduct a survey 
specifically dedicated to persons with disabilities. However, disability data are collected by BPS through 
National Socio-Economic Survey (Susenas), which also includes information on indicators such as the 
percentages of out-of-school children with disabilities. However, BPS only publishes this indicator at 
the national level. Consequently, these figures are insufficient to accurately reflect the educational 
conditions of persons with disabilities across different regions. Each region naturally has its own unique 
conditions and challenges. Therefore, it is necessary to conduct independent estimation in order to 
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measure the rate of out-of-school children at smaller geographical levels. However, relying solely on 
Susenas data may lead to estimates with low precision due to insufficient sample sizes [16]. 

The problem of insufficient sample sizes can be addressed through indirect estimation methods, 
commonly known as Small Area Estimation (SAE). SAE is expected to enhance the effectiveness of 
available sample sizes, thereby producing estimates with higher precision without the need for additional 
sampling [17]. Generally, estimation using SAE is applied at only one area level. However, the demand 
for small-area data continues to increase, requiring information down to the smallest administrative 
units, such as districts. In this context, a model capable of producing estimates at multiple small-area 
levels simultaneously is required. Within SAE, such a model exists, namely the twofold subarea-level 
model. This model is an extension of the area-level Fay-Herriot model, which allows estimation at two 
small-area levels simultaneously, namely the subarea and area levels [17]. The twofold subarea-level 
model has been applied in several previous studies, such as Erciulescu et al. [18], Saadi & Ubaidillah 
[19], and Yudasena [20]. Other studies have employed the SAE method to estimate OOSC, including 
Eliezer et al. [21] and Trihandika et al. [22]. 

The main contribution of this study is to provide a more accurate indicator of OOSC among children 
with disabilities, which has so far been available only at the national level. Availability of data at the 
smallest administrative levels can support evidence-based policymaking and serve as a tool to monitor 
the effectiveness of government programs. Using the twofold HB beta SAE model also facilitates the 
estimation process, as it allows simultaneous estimation at two administrative levels. This approach 
helps reduce the time, effort, and costs typically required for separate estimation procedures. 
Furthermore, this study broadens the perspective on education issues for children with disabilities. Most 
previous research tends to focus on school dropout rates, whereas the OOSC indicator offers a more 
comprehensive view as it encompasses both children who have dropped out and those who have never 
attended school [23]. Therefore, this study aims to provide an overview of both direct and indirect 
estimates of out-of-school children with disabilities at the provincial and district/city levels in Indonesia, 
determine the best estimation method, and map the results.  

2. Material and Methods 

2.1. Persons with Disabilities 

The concept of disability is highly complex and continues to evolve. The WHO has developed the 
International Classification of Functioning, Disability, and Health (ICF) framework as a reference for 
understanding and measuring health and disability [24]. This approach integrates various models of 
disability and acknowledges the role of environmental and personal factors in identifying disability 
status, as well as the relevance and impact of associated health conditions [25]. All components of 
disability and their interactions are illustrated in Figure 2. 

 

 
Figure 2. The ICF framework 

Based on Figure 2, the ICF integrates health, individual, and social aspects, explaining the causal 
relationships between impairments and disabilities within a multidimensional model of functioning and 
health, including environmental and personal factors [26]. The concept of persons with disabilities 
according to BPS is aligned with the ICF framework. The emphasis in this concept is on long-term 
functional impairments or limitations that lead to restricted participation in society. Functional 
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impairments or limitations are characterized by an inability, loss, or abnormality in psychological, 
physiological, or anatomical structures or functions [23]. 

2.2. Out-of-School Children 

Globally, there is no universally agreed definition of out-of-school children [27]. As part of a global 
initiative, the UNESCO Institute for Statistics and UNICEF define out-of-school children as school-
aged children who are not enrolled in any educational setting, whether formal, nonformal, or informal 
[28]. This group includes children who have never attended school, those of school age who have not 
yet enrolled, and those who have attended school but dropped out for some reason [29]. BPS defines 
out-of-school children in the same way as international guidelines, namely school-aged children who 
are not enrolled in any educational unit [23]. BPS publishes the out-of-school children indicator to 
facilitate the identification of policy or program interventions specifically targeted at children who are 
not attending school. The calculation of out-of-school children with disabilities is carried out using the 
following formula. 

𝑂𝑂𝑆𝐶 𝑤𝑖𝑡ℎ 𝑑𝑖𝑠𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠7−18 𝑦𝑒𝑎𝑟𝑠 =

𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 𝑤𝑖𝑡ℎ 𝑑𝑖𝑠𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
𝑎𝑔𝑒𝑑 7−18 𝑦𝑒𝑎𝑟𝑠 𝑤ℎ𝑜 𝑎𝑟𝑒 𝑜𝑢𝑡−𝑜𝑓−𝑠𝑐ℎ𝑜𝑜𝑙

𝑑𝑢𝑟𝑖𝑛𝑔 𝑎 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑝𝑒𝑟𝑖𝑜𝑑
𝑇ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐ℎ𝑖𝑙𝑑𝑟𝑒𝑛 𝑤𝑖𝑡ℎ 𝑑𝑖𝑠𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
𝑎𝑔𝑒𝑑 7−18 𝑦𝑒𝑎𝑟𝑠 𝑑𝑢𝑟𝑖𝑛𝑔 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑

   (1) 

2.3. Direct Estimation 

According to Rao & Molina, direct estimation is a technique for estimating population parameters 
based on sample from the relevant area or domain [17]. here are two approaches to direct estimation: 
model-based and design-based. Generally, direct estimation uses a design-based approach, which 
involves estimating parameters such as means, totals, or proportions by calculating sample statistics 
using weights derived from the sampling design employed in the survey. However, direct estimation 
can also adopt a model-based approach, where population parameters are estimated from the sample 
without accounting for the sampling design. The model-based approach has a drawback: if the model 
does not align with the characteristics of the data, the estimates can be inaccurate, even with a larger 
sample size. Therefore, the design-based approach is more commonly used. 

2.4. Small Area Estimation 

Small Area Estimation (SAE) is a statistical technique used to estimate parameters in small 
domains. A domain is considered small if the available sample size within that domain is insufficient 
for producing precise direct estimates [17]. Domains can be defined as geographic areas, social or 
demographic groups, or other subpopulations. In this study, out-of-school children with disabilities 
constitute a subpopulation of the overall population of persons with disabilities. SAE can serve as a 
solution to address insufficient sample sizes. It is an indirect estimation model with an explicit linking 
model, meaning that the additional information comes not only from auxiliary variables but also from 
the variation between areas resulting from area-specific random effects. The random effects refer to the 
variation between areas that cannot be explained by the auxiliary information. Thus, there are two main 
concepts in SAE: the fixed effect model, which assumes that the variation in the response variable within 
small areas can be fully explained by auxiliary information, and the small area random effect, which 
accounts for variation in small areas that cannot be explained by auxiliary information, known as the 
area random effect. Based on the availability of auxiliary variables, there are two types of SAE models: 
area-level models and unit-level models [17]. Most researchers use area-level models because data are 
often not available at the unit level. 

In the area-level model, auxiliary variables are available only at the level of the area under study. 
Let 𝜃̂𝑖  represent a direct and unbiased estimate of the parameter 𝜃𝑖 . Since 𝜃̂𝑖  contains sampling error, a 
sampling model can be formulated as follows. 

𝜃𝑖 = 𝜃𝑖 + 𝑒𝑖  ; 𝑖 = 1, … , 𝑚    (2) 

There is a correlation between 𝜃𝑖  and the auxiliary variable for each area, denoted by 𝒙𝒊. The linear 
model, serving as the linking model in the area-level model, is expressed as follows [17]. 
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𝜃𝑖 = 𝒙𝒊
𝑻𝜷 + 𝑏𝑖 𝑣𝑖 ; 𝑖 = 1, … , 𝑚    (3) 

By combining the sampling model in equation (2) with the linking model in equation (3), the basic 
area-level model, commonly known as the Fay-Herriot model, is obtained [17].  

𝜃𝑖 = 𝒙𝒊
𝑻𝜷 + 𝑏𝑖 𝑣𝑖 + 𝑒𝑖  ; 𝑖 = 1, … , 𝑚    (4) 

2.5. Twofold HB Beta Model 

Essentially, the twofold subarea-level SAE model is an extension of the area-level model that can 
provide estimates for a given area and further divide it into smaller subareas. This model is referred to 
as such because auxiliary variables are available at the subarea level. Using this model, estimation can 
be performed simultaneously at different aggregation levels [17]. Suppose there are 𝑚 areas, and each 
area is divided into 𝑁𝑖 subareas with 𝑖 = 1, … , 𝑚. If we aim to estimate the parameter at the area level 
𝜃𝑖  and at the subarea level 𝜃𝑖𝑗 where 𝑗 = 1, … , 𝑁𝑖 and 𝑖 = 1, … , 𝑚, the equation of the twofold HB beta 
SAE model can be written as follows [30]. 

i.  𝜃𝑖𝑗 |𝜃𝑖𝑗~𝐵𝑒𝑡𝑎(𝑎𝑖𝑗 , 𝑏𝑖𝑗)  (sampling model)   (5) 

𝑎𝑖𝑗  = 𝜃𝑖𝑗 (
𝑛𝑖

𝑑𝑒𝑓𝑓𝑖
− 1)    (6) 

𝑏𝑖𝑗 = (1 − 𝜃𝑖𝑗 )(
𝑛𝑖

𝑑𝑒𝑓𝑓𝑖
− 1)    (7) 

ii. 𝑙𝑜𝑔𝑖𝑡(𝜃𝑖𝑗 )~𝑁(𝒙𝒊𝒋
𝑻 𝜷, 𝜎𝑢

2) (linking model)   (8) 

iii. 𝜷𝑗 ~𝑁 (𝜇𝛽𝑗
, 𝜎𝛽𝑗

2 ) (prior for 𝜷𝑗)   (9) 

iv. 𝜎𝑢
2~𝐼𝐺(𝑡1, 𝑡2) (prior for 𝜎𝑢

2)   (10) 

In this model, parameter estimation can be obtained numerically using the MCMC method with the 
Gibbs sampling algorithm. The Gibbs sampling estimation is performed for B iterations. The algorithm 
then produces a sequence of estimated parameters. Accordingly, the parameter estimates at the subarea 
level can be calculated as follows. 

𝜃𝑖𝑗
𝐻𝐵 =

1

𝐵
∑ 𝜃𝑖𝑗

(𝑘)𝑑+𝐵
𝑘=𝑑+1 = 𝜃𝑖𝑗 (. )    (11) 

The estimates at the area level can then be obtained by aggregating the subarea-level estimates 
using the weights available for each subarea, as follows. 

𝜃𝑖.
(𝑘)

= ∑ 𝑊𝑖𝑗𝜃𝑖𝑗
(𝑘)𝑁𝑖

𝑗=1     (12) 

𝜃𝑖 .
𝐻𝐵 =

1

𝐵
∑ 𝜃𝑖.

(𝑘)𝑑+𝐵
𝑘=𝑑+1     (13) 

2.6. Relative Standard Error 

The quality of an estimate can be assessed by its total error, which reflects the difference between 
the estimated value and the true value. The smaller the total error, the more accurate the estimate, as it 
deviates less from the true value. Assuming bias is relatively small, accuracy can be approximated by 
precision. In this context, Relative Standard Error (RSE) is a measure of the precision of an estimate 
relative to its estimated value, calculated by comparing the standard error to the estimate and expressed 
as a percentage [23]. RSE can be calculated using the following equation. 

𝑅𝑆𝐸(𝜃) =
𝑆𝐸(𝜃̂)

𝜃̂
× 100%    (14) 
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where 𝜃̂ is the estimated value for a specific domain and 𝑆𝐸(𝜃̂) is the measure of precision represented 
by standard error. 

Sampling errors in the estimation results need to be considered. BPS sets RSE thresholds to assess 
the accuracy of an estimate: an estimate with RSE ≤ 25% is considered accurate, an estimate with RSE 
> 25% and ≤ 50% is considered moderately accurate and should be used with caution, and an estimate 
with RSE > 50% is regarded as highly inaccurate [23]. 

2.7. Analysis Method 

This study was conducted to obtain estimates of out-of-school children with disabilities in 
Indonesia. This is motivated by the fact that BPS, as the data provider for out-of-school children with 
disabilities in Indonesia, is only able to publish data at the national level. Estimating out-of-school 
children with disabilities could be done using direct estimates from the March 2023 Susenas data. 
However, obtaining reliable estimates for the population of children with disabilities remains 
challenging. This is because the survey’s minimum sample size was not designed for the disability 
group, so the small sample size results in estimates with relatively large errors.  

One of the solution to address inaccurate estimates due to high relative standard errors (RSE) is to 
apply indirect estimation methods. Indirect estimation, which utilizes auxiliary information, is known 
as small area estimation (SAE). As the demand for small-area data continues to increase, requiring 
information down to the smallest administrative units, this study estimates out-of-school children with 
disabilities simultaneously at two levels of aggregation: provincial and district/city levels. Accordingly, 
the proposed model is a twofold subarea-level model using the Hierarchical Bayes (HB) estimation 
method with a beta distribution. After performing indirect estimation, the results will be evaluated by 
comparing the RSE values obtained. The estimation method that produces the lowest RSE will be 
selected as the best method for estimating out-of-school children with disabilities in Indonesia. Based 
on the best method, the estimated results will then be mapped.  

The auxiliary variables must be must be sourced from census data or other datasets that are free 
from sampling error. At the time of the research, the only available and most recent source meeting this 
criterion was the 2021 Village Potential Statistics (Podes). There are 20 candidate auxiliary variables 
obtained from Podes 2021, including the proportion of villages/subdistricts classified as rural (𝑋1), the 
proportion of families living under high-voltage transmission lines (𝑋2), the proportion of families 
living along riverbanks (𝑋3), the proportion of families living in slum areas (𝑋4), the ratio of primary 
schools per 10,000 population (𝑋5), the ratio of junior high schools per 10,000 population (𝑋6), the 
ratio of senior high schools/vocational schools per 10,000 population (𝑋7), the ratio of special needs 
primary schools per 100 children with disabilities (𝑋8), the ratio of special needs junior high schools 
per 100 children with disabilities (𝑋9), the ratio of special needs senior high schools per 100 children 
with disabilities (𝑋10), the ratio of hospitals per 10,000 population (𝑋11), the ratio of community health 
centers per 10,000 population (𝑋12), the ratio of PKK per 10,000 population (𝑋13), the ratio of youth 
organizations per 10,000 population (𝑋14), the ratio of customary institutions per 10,000 population 
(𝑋15), the ratio of micro and small industries per 10,000 population (𝑋16), the ratio of financial 
institution facilities per 10,000 population (𝑋17), the ratio of cooperatives per 10,000 population (𝑋18), 
the ratio of economic facilities and infrastructure per 10,000 population (𝑋19 ), and the ratio of issued 
poverty certificates per 100 families (𝑋20). 

 

3. Results and Discussion 

3.1. Direct Estimate 

The direct estimation of the number of out-of-school children with disabilities was obtained through 
a design-based direct estimation approach. The calculation process utilized sampling weights from the 
March 2023 Susenas and was conducted across 34 provinces in Indonesia. Figure 3 presents the 
visualization of the direct estimates of out-of-school children with disabilities at the provincial level in 
Indonesia for 2023.  
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Figure 3. Direct estimates of out-of-school children with disabilities at the provincial level in Indonesia, 

2023 

 

Figure 3 shows the out-of-school children with disabilities across all provinces in Indonesia in 
2023. The black horizontal line represents the national percentage of out-of-school for all children, 
regardless of disability status, which is 6.19%, while the red line indicates the national percentage of 
out-of-school for children with disabilities, which is 37.01%. It is evident that all provinces are above 
the national rate of 6.19%, indicating that children with disabilities face greater gaps and vulnerabilities 
in access to education compared to the general population. Moreover, more than half of the provinces 
have percentage of out-of-school for children with disabilities that exceed the national rate for this group. 
Only eleven provinces fall below the national percentage of out-of-school for children with disabilities. 
For a clearer overview of the direct estimates of out-of-school children with disabilities at the provincial 
level in Indonesia, descriptive statistics, along with their relative standard errors, are summarized in 
Table 1. 

 

Table 1. Descriptive statistics of direct estimates of out-of-school children with disabilities at the 
provincial level in Indonesia, 2023 

Descriptive Statistics Direct Estimate (%) RSE (%) 

Minimum 22.64 13.51 

First Quartile 35.68 24.29 

Median 38.98 29.95 

Mean 40.06 36.54 

Third Quartile 46.05 43.65 

Maximum 61.03 91.06 
 

 

Based on Table 1, the lowest percentage of out-of-school children with disabilities is 22.64 percent, 
while the highest is 61.03 percent. The considerable gap between the highest and lowest values indicates 
significant disparities in education for children with disabilities. In addition to examining the direct 
estimates, it is also important to assess the accuracy of these estimates using the RSE values. According 
to Table 1, the highest and lowest RSE values for the direct estimates are 91.06 percent and 13.51 
percent, respectively. The average RSE is 36.54 percent indicates that the estimates are not entirely 
accurate and, therefore, cannot yet serve as a strong basis for policy formulation. 

The issue of out-of-school children with disabilities also needs to be analyzed at the district/city 
level. This aligns with the implementation of regional autonomy, whereby local governments are granted 
the rights and authority to manage their own affairs in accordance with the principles of decentralization. 
One of these affairs is education, which is primarily the responsibility of district/city governments. This 
means that policies related to education and interventions for out-of-school children are highly 
dependent on the capacity and commitment of the local government. By understanding the condition of 
out-of-school children with disabilities at a smaller level, namely districts/cities, local governments can 
formulate policies that are more responsive, data-driven, and tailored to local needs.  
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Direct estimates of out-of-school children with disabilities have also been conducted for 514 
districts/cities in Indonesia. However, direct estimates at the district/city level are only available for 451 
out of the 514 districts/cities. The remaining 63 districts/cities could not be directly estimated due to the 
absence of samples of children with disabilities in these areas. For a clearer understanding, the following 
is a visualization of districts/cities based on the availability of samples of children with disabilities.  

 

 
Figure 4. Map of districts/cities based on sample availability 

As shown in Figure 4, there are several areas without samples of children with disabilities (non-
sampled areas), indicated in white. A total of 63 districts/cities fall into the non-sampled category, and 
they are scattered across the country, though they tend to cluster in the northern part of Kalimantan and 
the western part of Papua. The existence of non-sampled areas reflects the limitations of surveys in 
reaching children with disabilities. This situation results in most regions lacking an adequate number of 
samples or even having no samples at all. Excluding these non-sampled areas, the following presents a 
summary of the descriptive statistics of the direct estimates of out-of-school children with disabilities at 
the district/city level in Indonesia. 

 

Table 2. Descriptive statistics of direct estimates of out-of-school children with disabilities at the 
district/city level in Indonesia, 2023 

Descriptive Statistics Direct Estimate (%) RSE (%) 

Minimum 0 0 

First Quartile 0 31.14 

Median 18.77 60.58 

Mean 30.36 58.47 

Third Quartile 52.77 90.34 

Maximum 100 137.99 
 

 

Based on Table 2, the direct estimates of out-of-school children with disabilities range from a 
minimum of 0 percent to a maximum of 100 percent. There are 170 districts/cities with an estimated 
value of 0 percent, indicating that there were no recorded cases of children with disabilities being out of 
school. However, due to the limitations of the survey used, this value cannot be taken as conclusive 
evidence of the population condition of children with disabilities. In other words, it should not be 
interpreted as meaning that there are absolutely no out-of-school children with disabilities in those areas. 
Similarly, in regions with an estimated value of 100 percent, it does not imply that all children with 
disabilities are out of school. These extreme values rather reflect the limitations of the data in reaching 
small population groups.  

Table 2 also shows that the minimum relative standard error (RSE) is 0 percent. An RSE value of 
zero does not indicate that the estimate is highly accurate or free from error; instead, it signals an 
anomaly in the data. Generally, an RSE of zero occurs when data variation cannot be calculated, usually 
due to very small and unrepresentative sample sizes. Moreover, the average RSE of 58.47 percent and 
the median RSE of 60.58 percent indicate that, overall, the quality of direct estimates at the district/city 
level is very inaccurate. An RSE exceeding 50 percent suggests that the estimates carry high uncertainty 
or are highly unreliable, making them unusable and uninterpretable. This is further reinforced by the 
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maximum RSE value of 137.99 percent, which indicates extremely high estimation uncertainty, far 
beyond statistically acceptable limits.  

 

Table 3. Number of regions by RSE category 

Category District/City Province 

RSE ≤ 25% 62 11 

25% < RSE ≤ 50% 51 16 

RSE > 50% 159 7 

NA 242 0 

 

Based on the direct estimation results (Table 3), only 62 districts/cities demonstrate good accuracy. 
In fact, there are 242 districts/cities with RSE values reported as not available (NA). At the provincial 
level, most estimates are also relatively inaccurate. Only 11 provinces have accurate estimates, as 
indicated by RSE values less than or equal to 25 percent. 

3.2. Auxiliary Variable Selection 

Before entering the SAE modeling stage, auxiliary variables are selected by first examining the 
relationship between candidate auxiliary variables and the response variable. The selection of auxiliary 
variables is crucial because choosing the appropriate auxiliary variables is an important component for 
the success of indirect estimation using SAE [17]. One of the methods to statistically confirm the 
existence of relationships between variables is through Pearson correlation testing. In this study, the 
twofold HB beta SAE model is applied, so the candidate auxiliary variables are tested for their 
correlation with the logit-transformed direct estimates. Pearson correlation serves as an effective 
preliminary screening tool to identify variables that exhibit meaningful linear associations with the 
transformed response. It is considered sufficient at this stage because the purpose is only to filter out 
clearly irrelevant predictors before applying more comprehensive model-based evaluations [31]. Based 
on the correlation test results, six auxiliary variables were found to have a significant correlation with 
the logit of the direct estimator.  

After conducting the correlation tests, it is necessary to ensure that there is no correlation among 
auxiliary variables to prevent multicollinearity in the model. Multicollinearity detection is carried out 
by examining Pearson correlation values. Collinearity occurs when the correlation between auxiliary 
variables exceeds 0.8 [32]. The results of multicollinearity detection among the auxiliary variables 
indicate that no variable has a correlation greater than 0.8 with another variable. Therefore, no auxiliary 
variables were eliminated, and all can proceed to the next stage. 

The final step is variable selection using the backward elimination method. This approach is 
consistent with the study by Mellinda & Sumarni, which stated that backward elimination in SAE 
modeling can produce better results [33]. The variable selection process ultimately retained four 
variables: the ratio of junior high schools per 10,000 population (𝑋6), the ratio of public health centers 
per 10,000 population (𝑋12), the ratio of youth organizations per 10,000 population (𝑋14), and the ratio 
of issued poverty letters/SKTM per 100 families (𝑋20). These four variables are able to reflect various 
dimensions of life that are relevant in explaining the conditions of out-of-school children. 

The ratio of junior high schools per 10,000 population (𝑋6) represents the educational dimension, 
while the ratio of public health centers per 10,000 population (𝑋12) represent the health dimension. 
Adequate availability of and access to schools and healthcare facilities can support the learning process 
of children optimally, both in terms of physical and mental readiness [34]. The ratio of youth 
organizations per 10,000 population (𝑋14) represent the social dimension. The organization is oriented 
toward achieving social welfare for the community, thereby serving as an inclusive and open space for 
all groups, including children with disabilities. Such social support can enhance the self-confidence and 
courage of children with disabilities to interact with the outside world, including in the context of 
attending school. The ratio of issued poverty letters per 100 families (𝑋20) represent the economic 
dimension. Economic limitations can increase the risk of children with disabilities being out of school 
[35]. 

3.3. Development SAE using Twofold HB Beta Model 

In parameter estimation using the HB beta approach, calculations are based on the posterior 
distribution, which is derived from the prior distribution and the likelihood function. The resulting 
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posterior equation is highly complex, making direct integration extremely difficult. One method that can 
address this complexity is the Markov Chain Monte Carlo (MCMC) method. The MCMC method 
produces an accurate posterior distribution once it reaches equilibrium, that is, when the algorithm has 
converged [36]. In this study, several trials were conducted to achieve convergence, specifically using 
60,000 iterations, 30 update iterations, a thinning interval of 25, and a burn-in of 15,000.  

 
 

 

 
 

 

 

 

(a)   (b) 

Figure 5. (a) Autocorrelation plot; (b) Trace plot and density plot 

According to the Figure 5, convergence was confirmed by autocorrelation plots showing a clear 
cut-off, stationary trace plots without periodic patterns, and density plots for each parameter resembling 
a normal distribution. After obtaining convergence results for the four auxiliary variables included in 
the model, the following presents the estimated parameter coefficients from the twofold HB beta SAE 
model for out-of-school children with disabilities, with subareas defined as districts/cities and areas 
defined as provinces. 

 

Table 4. Estimated parameter coefficients of the twofold HB beta SAE model 

Estimated Parameter Coefficients Mean SD 2.5% 97.5% 

𝑏0 -0.789 0.021 -0.835 -0.748 

𝑏1  0.200 0.007 0.187 0.215 

𝑏2 -0.003 0.002 -0.009 -0.001 

𝑏3 -0.008 0.003 -0.013 -0.003 

𝑏4 0.011 0.001 0.008 0.014 

 

Based on Table 4, it can be seen that the parameter estimates associated with the variables used, 
namely 𝑋6, 𝑋12 , 𝑋14 , and 𝑋20 , are significant in the twofold HB beta model. Significance in the model 
is assessed using the credible interval ranging from 2.5 percent to 97.5 percent, where a variable is 
considered significant if the credible interval within this range does not include zero. An overview of 
the indirect estimation results of out-of-school children with disabilities using the twofold HB beta SAE 
model is presented in Table 5. 

 

Table 5. Descriptive statistics of indirect estimate of out-of-school children with disabilities in 
Indonesia, 2023 

Descriptive Statistics District/City (%) Province (%) 

Minimum 12.43 28.07 

First Quartile 36.70 38.12 

Median 42.28 42.20 

Mean 42.70 41.88 

Third Quartile 48.58 46.06 

Maximum 82.49 60.71 

 

Based on Table 5, the indirect estimates of out-of-school children with disabilities in Indonesia in 
2023 using the twofold HB beta SAE model show an average of 42.70 percent at the district/city level 
and 41.88 percent at the provincial level. At the district/city level, the lowest estimate is 12.43 percent 
in Banda Aceh City, while the highest is 82.49 percent in Lamandau Regency. At the provincial level, 
the lowest estimate is 28.07 percent in Aceh Province, and the highest is 60.71 percent in West Sulawesi 
Province.  
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3.4. Evaluation 

The evaluation was carried out by comparing the estimates of out-of-school children with 
disabilities obtained from both direct estimation and indirect estimation using the twofold HB beta SAE 
model. The indirect estimates from the twofold HB beta SAE model are considered reliable and unbiased 
when their values are not significantly different from those of the direct estimates [37]. The following 
presents a comparative statistical summary of the estimates of out-of-school children with disabilities 
derived from direct and indirect estimation. 

 

Table 6. Descriptive statistics of direct and indirect estimate of out-of-school children with disabilities 
in Indonesia, 2023 

Descriptive Statistics 
District/City Province 

Direct Est. (%) Indirect Est. (%) Direct Est. (%) Indirect Est. (%) 

Minimum 0 12.43 22.64 28.07 

First Quartile 0 36.70 35.68 38.12 

Median 18.77 42.28 38.98 42.20 

Mean 30.36 42.70 40.06 41.88 

Third Quartile 52.77 48.58 46.05 46.06 

Maximum 100 82.49 61.03 60.71 

NA 63 0 0 0 

 

Table 6 shows a noticeable difference between the direct estimates and the indirect estimates using 
the twofold HB beta SAE model in estimating out-of-school children with disabilities, particularly at 
the district/city level. The most striking differences are observed in the minimum and maximum values. 
At the provincial level, no striking differences are observed; however, there is still a change in the 
average value, from 40.06 percent to 41.88 percent. 

 

 

 
 

 
(a)  (b) 

Figure 6. Boxplot of direct and indirect estimates of out-of-school children with disabilities at (a) the 

district/city level; (b) the provincial level in Indonesia, 2023 

Further examination through the data distribution using the boxplot in Figure 6 reveals that the 
estimates from the twofold HB beta SAE model still fall within the main distribution range of the direct 
estimates, indicating that the differences do not exceed the extreme limits of data dispersion. The notable 
differences arise from the limitations of the direct estimation method, which is highly influenced by the 
number and representativeness of the sample in reflecting the actual population conditions. Direct 
estimates tend to be less accurate due to these sample constraints, whereas the SAE model is able to 
correct such issues. To determine the most appropriate estimation method for estimating out-of-school 
children with disabilities, an evaluation must be conducted based on the accuracy level of the estimates. 
In this study, the measure of accuracy used is the relative standard error (RSE). Presented below is the 
number of regions classified by RSE category. 

From the comparison of RSE categories in Table 7, it can be observed that the use of the twofold 
HB beta SAE model is able to reduce RSE values and address the problem of non-sampled areas. Even 
at the provincial level, all 34 provinces have RSE values below 25 percent, indicating that the estimates 
are accurate. Most notably, the SAE method also succeeded in providing estimates for all areas without 
a single missing value. These findings reinforce that the twofold HB beta SAE model is not only superior 
in producing more accurate estimates but also capable of generating estimates for all areas, including 
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non-sampled ones. Its ability to lower RSE and produce comprehensive estimates makes this method 
the most appropriate choice for addressing the problem of limited sample data.  

 

Table 7. Number of regions by RSE category 

Category 
District/City Province 

Direct Est. (%) Indirect Est. (%) Direct Est. (%) Indirect Est. (%) 

RSE ≤ 25% 62 70 11 34 

25% < RSE ≤ 50% 51 406 16 0 

RSE > 50% 159 38 7 0 

NA 242 0 0 0 

 

3.5. Mapping of the Estimated OOSC with Disabilities  

To observe the distribution of out-of-school children with disabilities (OOSC) in Indonesia more 
clearly, a thematic map is used. Since there is no specific guideline for classifying OOSC with 
disabilities, the classification is carried out using three groups generated through the natural breaks 
classification (Jenks optimization method). The natural breaks classification method divides groups by 
minimizing within-group variation and maximizing between-group variation, making it suitable for data 
that are not normally distributed [38]. The use of the same classification for OOSC with disabilities at 
both the district/city and provincial levels aims to enable better comparison across aggregation levels. 
Based on the natural breaks classification with three groups, the resulting breakpoints are 35.36 percent 
and 45.34 percent. The first group consists of areas with OOSC with disabilities of less than 35.36 
percent. The second group consists of areas with OOSC values ranging from a minimum of 35.36 
percent to a maximum of 45.34 percent. Finally, the third group consists of areas with OOSC values 
above 45.34 percent. 

 

 

 
 

 

(a)  (b) 

Figure 7. Thematic map based on estimates of out-of-school children with disabilities at (a) the 

district/city level; (b) the provincial level in Indonesia, 2023 

Higher percentages of out-of-school children with disabilities are represented by darker colors, and 
vice versa. Based on Figure 7, most areas, both at the provincial and district/city levels, fall within the 
35.36 to 45.34 percent category, while 195 districts/cities and 9 provinces have values exceeding 45.34 
percent. This indicates that the issue of out-of-school children with disabilities is not confined to specific 
regions but is a widespread challenge across Indonesia. The dominance of areas in the 35.36 to 45.34 
percent range reflects the systemic nature of limited educational access for children with disabilities, 
while the existence of regions in the highest category underscores more concerning conditions that 
demand greater attention and more serious interventions in policy planning and implementation. 

As shown in the thematic map in Figure 7, the highest values of out-of-school children with 
disabilities tend to cluster in Kalimantan and Papua. This is closely related to geographical factors, 
which serve as a major barrier to educational access in these areas. Many regions in eastern Indonesia, 
such as Papua, Maluku, and several remote parts of Kalimantan, are characterized by challenging 
topography, including mountainous areas or small isolated islands. These conditions hinder access to 
educational services, particularly for children with disabilities who require mobility support and special 
accommodations [39]. Katheryn Bennet, representing UNICEF Indonesia, also stated that the high rate 
of out-of-school children in Indonesia is caused by various factors, such as economic pressures that push 
children into work, limited geographical access, and other barriers [40]. For children with disabilities, 
these barriers are often exacerbated by the family’s low economic condition, which prevents them from 
affording additional needs such as special transportation, learning aids, or companion costs. As a result, 
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schooling is no longer seen as a main priority, and many of them instead choose to work to help support 
their family’s economy [41].  

The Government of Indonesia has also introduced various policies to address the issue of out-of-
school children with disabilities. However, in practice, implementation on the ground remains uneven. 
For instance, in the provision of inclusive education, many regular schools still lack disability-friendly 
facilities such as wheelchair ramps, special toilets, or visual/auditory aids. In addition, the shortage of 
Special Education Support Teachers poses a serious challenge in supporting the learning process of 
children with disabilities [42]. Furthermore, data collection on children with disabilities remains 
suboptimal, hindering evidence-based and well-targeted policy planning. 

The estimation results indicate that addressing out-of-school children with disabilities requires 
more than education policies alone. A multisectoral approach is necessary, involving education, social 
affairs, health, infrastructure, and other sectors. Key measures include improving disability-friendly 
infrastructure, providing social protection such as financial aid and learning support, and enhancing 
educational quality through special education teachers, training, and inclusive curricula. These efforts 
must be coordinated across national and regional agencies and supported by accurate, up-to-date data to 
monitor progress, evaluate policies, and design programs that reflect the real needs of the field. 

 

4. Conclusion 

Overall, the twofold HB beta SAE model is the most suitable method for estimating the number of 
out-of-school children with disabilities in Indonesia at both provincial and district/city levels, as it 
addresses sample limitations and improves estimation accuracy. The estimated proportion ranges from 
35.36 to 45.34 percent, with the highest concentrations observed in Kalimantan and Papua. These results 
provide evidence for local governments to support inclusive education policy formulation and 
evaluation. More targeted regional analysis and improved inter-agency data integration are needed, 
especially in areas with complex socio-geographic conditions. 
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