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Abstract: The Labor Force Participation Rate (LFPR) is a key 
indicator for labor market planning, especially in Kalimantan, a 
region experiencing sustained economic growth. In 2016, LFPR 
data at the regency and city levels were unavailable due to 
reduced sample sizes in the National Labor Force Survey. This 
study applies a Small Area Estimation (SAE) approach using 
the Fay–Herriot area-level model and the Empirical Best Linear 
Unbiased Prediction (EBLUP) method to estimate LFPR at the 
sub-provincial level. Sampling variances are obtained from 
direct survey estimates, and prediction (EBLUP) uncertainty is 
assessed using the Prasad–Rao Mean Squared Error (MSE) 
estimator under restricted maximum likelihood (REML). 
Auxiliary variables include the number of vocational high 
schools (SMK), the share of villages receiving foreign aid, the 
proportion of trade-related enterprises, and the number of 
villages with migrant workers. The results show that the SAE–
EBLUP approach substantially reduces Relative Standard 
Errors (RSE) compared with direct estimates, with an average 
RSE reduction of 17.47%, indicating a meaningful 
improvement in the accuracy of small-area LFPR estimates. 

 

1. INTRODUCTION 

The Labor Force Participation Rate (LFPR) is a key indicator that reflects the 
proportion of the working-age population actively engaged in economic activities, either 
employed or actively seeking employment [1]. This indicator is often used as a basis for 
formulating labor market policies, economic development strategies, and evaluating labor 
market absorption in a given region. LFPR also plays a crucial role in achieving the 
Sustainable Development Goals (SDGs), particularly Goal 8, which promotes decent work 
and economic growth [2]. In the context of decentralization, regional decision-making 
requires LFPR estimates at the regency/city level, not just at the provincial level [3]. 
Estimating LFPR at the regency/city level is essential for designing more targeted, effective, 
and efficient policies to support regional development success [4]. 
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Kalimantan is a region with a growing economy. Each regency/city within the 
provinces of Kalimantan has distinct economic characteristics. Some areas are dominated by 
the mining and plantation sectors, while others have developed in the service and trade 
sectors. For instance, in 2016, 90.86 percent of businesses in North Kalimantan were small-
scale enterprises employing fewer than five workers[5]. Meanwhile, in East Kalimantan, 
business activities were largely concentrated in the wholesale and retail trade sector, 
accounting for 48.02 percent of all enterprises, highlighting the sector’s significant role in 
absorbing labor [6]. On the other hand, Central Kalimantan had the highest number of 
businesses in the mining sector compared to other provinces in Kalimantan [7]. Although 
this sector dominates the regional economic structure, its capital-intensive nature tends to 
result in a lower contribution to the increase in the LFPR compared to labor-intensive 
sectors. The varying economic development and regional characteristics underscore the need 
to understand local market conditions, particularly regarding labor, which is a key 
component of business capital. An indicator that reflects the potential labor force of a region 
is the LFPR. Availability of LFPR data at smaller administrative levels, such as the 
regency/city level, can assist governments in designing more targeted labor market policies 
and optimizing the utilization of local labor potential. Therefore, estimating LFPR at the 
regency/city level in Kalimantan is crucial for mapping employment conditions and 
supporting sustainable economic development. 

The Labor Force Participation Rate (LFPR) is produced by BPS through the National 
Labor Force Survey (Sakernas), which is conducted twice a year, in February and August. 
LFPR estimates at the regency/city level are only available from the August Sakernas, as 
this survey is specifically designed to produce estimates at the regency/city level, whereas 
the February Sakernas is designed to generate estimates at the provincial level. However, in 
the August 2016 Sakernas, the sample size was smaller than in the previous year, resulting 
in the availability of estimates only at the provincial level [1]. With the reduced sample size, 
the data may not be sufficient to generate precise direct estimates of LFPR at the regency/city 
level. Consequently, LFPR data at the regency/city level could not be presented for the year 
2016. 

The availability of LFPR data over time is essential for local governments to identify 
labor market trends, evaluate the effectiveness of local economic development policies, and 
design more targeted interventions to sustainably increase labor force participation. The use 
of direct estimation in areas with small sample sizes can lead to high variance and low 
precision in the estimation results. This condition arises from the limited sample size in direct 
estimates, which may cause bias and insufficient representation of the overall population. 
As a result, the information produced may be unreliable for policy-making at the local level. 
Therefore, to supplement missing LFPR data series, it is necessary to apply Small Area 
Estimation (SAE) methods to obtain precise estimates despite limited sample data. SAE is 
an indirect estimation technique that leverages auxiliary information, such as census data or 
administrative records, and borrows strength from neighboring areas to improve the 
precision of estimates. It serves as an alternative when the sample size is too small to produce 
reliable direct estimates [8]. 

2. LITERATUR REVIEW 
2.1. Labor Force Participation Rate (LFPR) 
 According to BPS (Statistics Indonesia), the Labor Force Participation Rate (LFPR) 
is the percentage of the working-age population (aged 15 and over) who are part of the labor 
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force, either employed or actively seeking employment, out of the total working-age 
population. LFPR is an indicator that reflects the proportion of the working-age population 
actively involved in economic activities, whether as workers or job seekers. In other words, 
LFPR measures the extent to which the working-age population is engaged in the labor 
market. 

𝐿𝐹𝑃𝑅 = &
𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑎𝑏𝑜𝑟	𝑓𝑜𝑟𝑐𝑒

𝑤𝑜𝑟𝑘𝑖𝑛𝑔 − 𝑎𝑔𝑒	𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛: × 100%	    (1) 

Career choice theory and the LFPR are closely related, as a person's decision in 
choosing a career can be influenced by several factors, including the economic and 
educational conditions in a given area [9]. This aligns with several related studies which 
state that education and the economy of a region significantly affect the LFPR [10],[11]. 
According to the theory proposed by Keynes [12], the economic condition of a region can 
influence its LFPR. This is because the better the economy in a region, the higher the demand 
for labor. It can encourage individuals who were previously inactive to enter the labor force, 
thereby increasing the LFPR. One example is when a region receives external assistance or 
investment whether from the government or non-government entities which can be used to 
finance regional development. This development is closely related to the expansion of 
employment opportunities [13]. Furthermore, this is also linked to local production capacity 
and investment levels, where the flow of funds becomes a source of capital that can stimulate 
trade activities and small enterprises, such as the weaving industry and revolving fund 
programs, which in turn can create new opportunities to improve LFPR [14]. 

Furthermore, education can be observed through indicators such as the availability 
of educational facilities, which can be proxied by the number of schools in a given area. 
According to Becker [15], investment in human capital through education can influence an 
individual’s employment opportunities and income. An increase in the level of education 
can encourage individuals to enter the labor market, thereby increasing their participation 
rate. In this study, the education variable is proxied by the number of senior high schools 
(SMA), vocational high schools (SMK), and higher education institutions, where formal 
education pursued by individuals also enhances their skills and employment opportunities 
[15]. Harris and Todaro [16] argue that differences in expected income can drive individuals 
to migrate to other regions, including working abroad. In Indonesia, many individuals of 
productive age become migrant workers (TKI) in search of better income. This phenomenon 
may influence the LFPR, as the more workers employed overseas, the more the composition 
of the domestic labor force changes. 

There has been a study in Maluku Province that estimated the LFPR using small area 
estimation (SAE) [17]. SAE was applied because direct estimation methods often produce 
unstable estimates when the sample size is small. This research shows that the Small Area 
Estimation approach with Kernel–Bootstrap is able to provide fairly precise estimates of the 
LFPR at the district/city level in Maluku Province. However, although this method is 
considered flexible when the relationship between the small area mean and the 
accompanying variables is not linear, nonparametric approaches such as Kernel–Bootstrap 
have theoretical limitations [18]. This method does not produce an explicit model structure, 
making interpretation of relationships between variables less intuitive than parametric 
models such as EBLUP. Furthermore, the results are sensitive to bandwidth selection and 
require more intensive computation due to the repeated resampling process. Therefore, the 
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use of Kernel–Bootstrap still requires consideration of the complexity of interpretation and 
data characteristics so that the estimation results are not only precise but also easily 
understood by policy users. However, there has been no studies have implemented this 
approach in Kalimantan Island. Therefore, an indirect estimation method using SAE is 
needed to obtain more precise and reliable LFPR estimates at small-area levels.  

SAE has evolved from basic models such as the area-level Fay-Herriot (FH) model 
to a variety of advanced approaches, including unit-level models, GLMMs for non-normal 
data, Bayesian methods, spatial and spatio-temporal models, M-quantile methods, and 
combinations with machine learning. Although many variants exist, this study adopted the 
basic SAE approach, the FH model, because it is simpler, more stable, easier to estimate, 
and better suited to the available data structure. Furthermore, the basic FH model performs 
well on area-level data if its basic assumptions are met and is more computationally efficient 
than more complex model variants [19]. Therefore, the use of the basic FH model is 
considered the most appropriate and proportional in the context of this study. Because the 
LFPR is a proportion indicator, the basic FH model can be applied initially, and if the 
assumptions of normality or stability of variance are not met, further analysis can be 
conducted using appropriate transformations. 

2.2. Small Area Estimation 
Small Area Estimation (SAE) is an indirect estimation method that employs an 

explicit linking model. According to Rao and Molina [8], this model utilizes auxiliary 
information, either from other data sources (census or administrative records) or from 
variations between areas that cannot be explained by those data sources. The unexplained 
variation is accounted for as a random effect, while the additional information is referred to 
as an auxiliary variable. 

One of the commonly used approaches in SAE is the area-level Fay–Herriot (FH) 
model. The parameter 𝜃! is assumed to be related to the auxiliary variables, 𝐱𝒊 =
A𝑥#! , … . , 𝑥$!F

%. In Equation (2), a linear model is specified as the linking model in this 
approach [8]. 

           𝜃! = 𝐱𝒊𝑻𝜷 + 𝑏!𝑣! ,			𝑖 = 1,2,3, … . ,𝑚                                             (2)                              

where 𝐱𝐢	 is a 𝑝 × 1 vector of auxiliary variables, 𝜷 is a 𝑝 × 1 vector of fixed coefficients, 
𝑏! is a known positive constant, and 𝑣! is the area-specific random effect, assumed to be 
independently and identically distributed as 𝑣!~		𝑖𝑖𝑑𝑁(0, 𝜎()). The index 𝑖 denotes the area, 
and 𝑚 is the total number of small areas.  

Let 𝜃R! be a direct estimator of 𝜃!. Since this estimate contains sampling error, it can 
be modeled using the sampling model shown in Equation (3). 

                                       𝜃R! = 𝜃! + 𝑒! , 𝑖 = 1, 2, 3, … ,𝑚                                                   (3) 

where 𝑒! is the sampling error, assumed to be independent with zero mean 𝐸(𝑒!) = 0, and 
variance 𝑉(𝑒!) = 𝐷! The quantity 𝐷! represents the sampling variance, which is assumed to 
be known or estimated from the survey as the variance of the direct estimator. By combining 
Equations (2) and (3), the complete area-level model is obtained and expressed in Equation 
(4).  

𝜃R! = 𝐱𝒊𝑻𝜷 + 𝑏!𝑣! + 𝑒! , 𝑖 = 1, 2, 3, … . ,𝑚                                            (4) 
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Various SAE Fay-Herriot (FH) model have been widely applied, including Best 
Linear Unbiased Prediction (BLUP), Empirical Best Linear Unbiased Prediction (EBLUP), 
Empirical Bayes (EB), and Hierarchical Bayes (HB). BLUP provides optimal and unbiased 
predictions when all model parameters are known, but it is rarely used in practice because 
variance components are almost never known with certainty. EBLUP is more practical since 
these components are estimated from the data, making it stable for small-sample areas, 
although it still carries slight bias and does not fully capture parameter uncertainty. Empirical 
Bayes (EB) also produces stable, shrinkage-based estimates, but it depends strongly on 
model assumptions and similarly ignores uncertainty in the variance components. In 
contrast, the hierarchical Bayesian (HB) approach is more flexible and accounts for all 
sources of uncertainty, yet it requires heavier computation, appropriate prior specification, 
and is more complex to implement.  

Labor Force Participation Rate (LFPR) data often exhibit distributions approaching 
normality, making the EBLUP method highly appropriate, as it is based on a linear mixed 
model that assumes normally distributed random effects [20]. In addition, several studies 
have shown that EBLUP provides higher precision than direct estimators and is more stable 
in the context of small area estimation [21], [22]. 

2.2.1. Empirical Best Linear Unbiased Estimator (EBLUP) Approach 

According to Rao and Molina [8] and if we set 𝑏! = 1, the small area estimator under 
the EBLUP method can be obtained using equation (5). 

𝜃R!
* = 𝛾W!𝜃R! + (1 − 𝛾W!)𝐱𝒊𝑻𝜷X                                                       (5) 

where 𝛾W! = 𝜎W()	/(𝜎W() + 𝐷!).	The level of uncertainty of EBLUP can be measured through the 
Prasad-Rao Mean Square Error (MSE), which is formulated in equation (6) [8]. 

𝑀𝑆𝐸	(𝜃R!*) = 𝑔#!(𝜎W()) + 𝑔)!(𝜎W()) + 2𝑔+!(𝜎W())                                       (6) 

with 
𝑔#!(𝜎W()) = 𝛾W!𝐷!                                                      (7)                                                                                                        

𝑔)!(𝜎W()) = (1 − 𝛾W!))𝐱𝒊𝑻\∑ 𝐱𝐢𝐱𝐢𝐓/(𝜎W() + 𝐷!)-
!.# ^/#𝐱𝐢                                    (8)    

when 𝜎W()	 is obtained using the restricted maximum likelihood (REML) method, 𝑔+!(𝜎W())	is 
given as in equation (9):                                                           

	𝑔+!(𝜎W()) = 2[∑ 1/(𝜎W() + 𝐷!))-
!.# ]/#                                              (9) 

To evaluate the quality of an estimator, both direct and indirect estimators such as 
EBLUP, the Relative Standard Error (RSE) measure is used, which is calculated using the 
formula in equation (10). 

𝑅𝑆𝐸(	𝜃R!) =
0123(56!)

56!
× 100%                                                      (10) 

3. METHODOLOGY 
3.1. Data Collection Methods 

This study uses secondary data obtained from various sources. The unit of analysis 
in this study is 56 regencies/cities in Kalimantan Island. The variable of interest in this study 
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is the Labor Force Participation Rate at the regency/city level in Kalimantan Island in 2016 
obtained from the raw data of Sakernas in August 2016. Then, the auxiliary variables used 
in this study were obtained from the 2014 Village Potential Statistics (Podes) Publication 
and the 2014 Village Potential (Podes) Census raw data. The variables that have a significant 
correlation with the Labor Force Participation Rate can be seen in Table 1. 

Table 1.  List of Auxiliary Variables 
Variables Explanation Sources 

Number of senior high 
school (SMA) 

Number of senior high school 
(SMA) in a regency/city  

Raw data village potential census 
(Podes) 2014 

Number of vocational 
high school (SMK) 

Number of vocational high 
school (SMK) in a regency/city  

Raw data village potential census 
(Podes) 2014 

Number of Universities The number of universities in a 
regency/city 

Raw data village potential (Podes) 
2014 

Percentage of trading 
business 

Percentage of the number of 
trading businesses 

Publication of the Economic 
Census 2016 

Percentage of villages 
with foreign assistance 

Percentage of villages receiving 
assistance/grants from abroad 

Publication of village potential 
(Podes) statistics 2014 

Percentage of villages 
with foreign assistance 

Percentage of villages receiving 
assistance/grants from abroad 

Publication of village potential 
(Podes) statistics 2014 

Percentage of villages 
with private assistance 

Percentage of villages receiving 
assistance/grants from the private 
sector 

Publication of village potential 
(Podes)  statistics 2014 

Percentage of villages 
with Central government 
assistance 

Percentage of villages receiving 
assistance/grants from the central 
government 

Publication of village potential 
(Podes) statistics 2014 

Number of villages with 
migrant workers 

The number of villages that have 
residents working as Indonesian 
Migrant Workers (TKI) 

Publication of village potential 
(Podes)  statistics 2014 

Number of weaving 
industries 

Many villages have weaving 
industries 

Publication of village potential 
(Podes) statistics 2014 

Revolving fund for non-
agricultural businesses 

Percentage of villages that have a 
revolving fund for non-
agricultural businesses 

Publication of village potential 
(Podes) statistics 2014 

3.2. Estimation Method 
The estimation methods used in this study consist of direct and indirect methods. The 

indirect method uses Empirical Best Linear Unbiased Prediction (EBLUP). Estimation using 
the indirect method requires auxiliary variables that are linked through an explicit model. 
The selection of auxiliary variables begins by examining the significance of the correlation 
between the auxiliary variables and the direct estimate of the LFPR. From these correlated 
variables, it is necessary to ensure that there is no multicollinearity between them. Next, 
variable selection is performed using stepwise regression to obtain auxiliary variables that 
can be used in the estimation process using EBLUP. 

 

4. RESULTS AND DISCUSSION 
4.1. Direct Estimates of LFPR for Regencies/Cities in Kalimantan Island 

The direct estimate of the LFPR is generated from a calculation process that takes 
into account sampling weights from the National Labor Force Survey (Sakernas). A 
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summary of the direct estimate of the LFPR for 56 regencies/cities in Kalimantan is shown 
in the Table (2). 

Tabel 2. Summary of direct estimates of regency/city LFPR 
Average Variance Minimum Median Maximum 

70,26 40,50 57,71 70,04 88,23 

Based on Table 2, the direct estimate of the Labor Force Participation Rate (LFPR) 
for regencies/cities in Kalimantan Island in 2016 shows an average LFPR of 70.26 percent. 
This direct estimate did not find any cases of non-sampled areas. Variance value of 40.50 
was obtained, indicating a fairly widespread distribution of the data. This reinforces the 
assumption that labor market conditions at the regency/city level in Kalimantan Island exist 
heterogeneously. This variation also emphasizes the importance of a statistical approach that 
can handle inter-regional differences, particularly to formulate employment policies. 

Next, it is necessary to check the RSE values from the direct estimates to determine 
their precision. Table 3 presents a summary of the RSE values from the direct estimates of 
the LFPR for regency/city in Kalimantan in 2016. 

Table 3. Summary of RSE direct estimates of LFPR regency/city  
Mininum Median Maximum Mean 

0.68 4.18 7.86 4.35 

In Table 3, it is known that the maximum RSE value of the regency/city LFPR in 
Kalimantan Island is 7.86 percent. However, considering the importance of the estimation 
of the regency/city LFPR as the basis for making various policies, it is necessary to estimate 
the LFPR with a high level of precision or the minimum RSE value possible. Therefore, an 
indirect estimation of LFPR is needed to increase the precision of the estimation results. 

 
Fig 1. QQ plot of direct estimation of regency/city LFPR in Kalimantan 2016 
Based on the exploration of the direct estimates using the QQ plot in Figure 1, the 

data points lie along the reference line with minimal deviation, indicating that the data are 
normally distributed or approximately normal. To validate the normality suggested by the 
QQ plot, a Shapiro–Wilk test was performed. The test produced a statistic of 0.9866 with a 
p-value of 0.7877, indicating that the direct LFPR estimates follow a normal distribution. 
This normality satisfies one of the key assumptions for applying the SAE method, 
specifically the EBLUP approach [23]. 

4.2.  Indirect Estimation With EBLUP 
EBLUP is an indirect estimation method used for normally distributed and 

continuous data [18]. In this study, the regency/city LFPR data are normally distributed and 

https://jurnal.unimus.ac.id/index.php/statistik


 Amelia, I.C., ET AL 

92 | https://jurnal.unimus.ac.id/index.php/statistik 
   [DOI: 10.14710/JSUNIMUS.13.2.2025.85-97] 
 

continuous. Therefore, EBLUP is an appropriate method to estimate the regency/city LFPR 
in Kalimantan.  

In the estimation process with EBLUP, auxiliary variables are required. The selection 
of auxiliary variables begins by looking at the significance of the correlation between the 
candidate auxiliary variables and the direct estimate of LFPR. Furthermore, a 
multicollinearity check is conducted. The results show that all auxiliary variables have a 
Variance Inflation Factor (VIF) less than 10, so there is no multicollinearity. Then the 
variable selection was carried out using stepwise regression. From the selection process, the 
best model was obtained with the selected auxiliary variables, including the number of 
vocational high schools, the percentage of villages with foreign assistance, the percentage of 
trading businesses, and the number of villages with migrant workers. The EBLUP estimation 
process was conducted using the interest variables from the direct estimation and the four 
auxiliary variables. The parameters and standard errors from the EBLUP estimation process 
are listed in Table 4. 

Table 4. Parameter estimation with EBLUP 
Variable 𝛽		 Standard Error 

Intercept 55,141 8,993 
Number of vocational high school (SMK) -0,284 0,084 
Percentage of villages with foreign assistance 0,413 0,167 
Percentage of trading businesses 0,335 0,183 
Number of villages with migrant workers 0,063 0,019 

In the EBLUP estimation method, there is an assumption of normality in the random 
effect [23]. Based on the Shapiro-Wilk test, the p-value is 0.17. Since the p-value is greater 
than the significance level, it can be concluded that the random effect is normally distributed 
or the normality assumption in EBLUP estimation has been met. Based on the calculation 
process of the EBLUP estimation, the estimated value of LFPR can be seen in Figure 2. 
Figure 2 shows a boxplot and line graph comparison to see the EBLUP results compared to 
the direct estimation results. 

(a) (b) 
Fig 2. Comparison of direct estimate and EBLUP with: (a) boxplots; (b) line graphs 

(a) (b) 
Fig 3. Comparison of RSE of direct estimate and EBLUP with: (a) boxplot; (b) line graph 
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Table 5. Summary statistics of direct and EBLUP estimation along with RSE 

Statistic 
Estimation RSE Percentage 

Reduction in RSE 
(%) 

EBLUP 
Shrinkage (𝛾%) 

Direct  EBLUP Direct EBLUP 

Minimum 57.71 59.33 0.68 0.68 0 0.40 
Median 70.04 69.91 4.18 3.59 14.11 0.67 
Mean 70.26 70.25 4.35 3.59 17.47 0.67 
Maximum 88.23 88.21 7.86 4.91 37.53 0.98 

Based on Figure 2, it is known that the EBLUP estimation results have a smaller data 
range than the direct estimation. In addition, the direct and EBLUP estimation values 
produce similar patterns. This shows that EBLUP produces consistent estimation values and 
does not deviate far from the direct estimation results. 

Based on Figure 3, it can be seen that EBLUP has a lower RSE than direct estimation. 
This shows that EBLUP can produce more precise estimates. Summary statistics of 
estimation and RSE values between direct estimation and EBLUP can be seen in Table 5. 

The EBLUP method achieved a moderate reduction in RSE, with a mean decrease 
of 17.47% and a median of 14.11%. Most areas showed 𝛾W values above 0.5, reflecting 
limited shrinkage due to relatively precise direct estimates with RSE below 10%. The 
three areas with the highest shrinkage were Nunukan (𝛾W88 =	0.40), Malinau (𝛾W8) =0.44), 
Kutai Timur (𝛾W98 =0.45), all with 𝛾W	values below 0.5, where the model contributed more 
heavily than the direct estimates in forming the EBLUP values. 

Fig 4. Comparison of confidence intervals between direct estimation and EBLUP 

Figure 4 shows that in most areas, Confidence Interval (CI) for direct estimation 
tends to be wide, reflecting a high level of uncertainty. In contrast, the CI for EBLUP shows 
narrowing as a result of utilizing model information and borrowing strength between areas. 
It means EBLUP consistently provides more precise estimates in almost all areas. This 
narrowing of the CI occurs without shifting the estimator value extremely, as indicated by 
the fairly strong overlap between the two CI in the majority of areas.  
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Based on Figure 4, it can be observed that the range of LFPR estimates at the 
regency/city level in Kalimantan Island, obtained using direct and EBLUP methods, includes 
their respective provincial estimates. This indicates that the estimation results are valid. 
Therefore, both direct and EBLUP methods are capable of producing valid estimates. 
However, EBLUP offers the highest level of precision. This suggests that EBLUP is more 
reliable for use in planning and policy-making at the regency/city level. 

4.3.  Spatial Distribution of LFPR Estimates Across Regency/City 
The EBLUP estimates of the Labor Force Participation Rate (LFPR) at the 

regency/city level in Kalimantan Island are presented in the choropleth map in Figure 5, 
categorized using the natural breaks method. In addition, Figure 5 also includes a map of 
provincial-level LFPR, with figures obtained from the 2016 Labor Force Situation 
publication by BPS. 

In the provincial-level LFPR map, North Kalimantan shows an LFPR in the range of 
59.3–64.8 percent, making it the province with the lowest LFPR in Kalimantan. However, 
when examining LFPR at the regency/city level, it is evident that some regencies/cities in 
North Kalimantan have higher LFPRs than the provincial average. A similar pattern is 
observed in other provinces on the island. In the provincial-level map, East Kalimantan has 
an LFPR ranging from 64.8–69.5 percent. However, when disaggregated to the regency/city 
level, LFPRs in East Kalimantan vary widely, covering all five LFPR categories rom 59.3–
64.8 percent to 78.8–88.2 percent. 

 

               
(a) (b) 

Fig 5. Mapping of LFPR Estimates in Kalimantan: (a) by province [1]; (b) by regency/city 

In the provincial-level LFPR map, no areas are shown within the 79.8–88.1 percent 
range. However, at the regency/city level, it becomes apparent that Mahakam Hulu Regency 
and Balangan Regency both fall within this highest LFPR category. Being in this range 
indicates that these two regencies have greater labor force potential compared to other 
regencies/cities. Given their high LFPR, attention should now turn to improving workforce 
quality. It is thus essential to expand access to job training programs that align with current 
labor market demands. Additionally, local governments should promote regional economic 
development based on local potential. Considering these areas’s strengths in mining and 
plantations, downstream industrialization must be encouraged. This would ensure that labor 
absorption extends beyond extraction (upstream) sectors into processing industries. By 
processing local resources locally, downstream industrialization can generate new 
employment opportunities and increase economic value. Furthermore, governments should 
invest in infrastructure to support mobility and connectivity between regions, enabling the 
workforce to access economic growth centers more effectively. 
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In the regency/city-level LFPR map, several areas fall within the lowest range of 59.3 
to 64.8 percent, including Bulungan Regency, Kutai Kartanegara Regency, the cities of 
Samarinda, Banjarbaru, Palangkaraya, and Pontianak. These areas exhibit lower labor force 
participation compared to others. A low LFPR indicates that a significant portion of the 
working-age population is not participating in the labor force. To encourage active labor 
force participation, especially among vulnerable groups such as persons with disabilities and 
women, it is essential to expand accessible employment and entrepreneurship opportunities, 
as well as to develop skill training programs aligned with current labor market demands. 
These efforts can help individuals better utilize their potential and local resources 
productively. This highlights the importance of data availability at more granular levels, as 
it enables a clearer understanding of regional disparities and variations. Consequently, policy 
interventions can be more effective, efficient, and well-targeted.  

 

5. CONCLUSION 
This study demonstrates that the application of EBLUP improves the precision of 

LFPR estimates at the small-area level in Kalimantan. The mean RSE decreased by 17.47% 
and the median by 14.11% across regions. Most areas showed limited shrinkage because the 
direct estimates were already reasonably precise, while the largest adjustments were 
observed in Nunukan, Malinau, and Kutai Timur, where the model contributed substantially 
more information than the direct survey estimates. These results confirm that EBLUP 
enhances precision and provides appropriate adjustments to direct estimates. Nonetheless, 
the analysis is restricted to a single year of data and may not fully capture within-region 
heterogeneity. Future research could incorporate spatial or heteroscedasticity-aware models 
and utilize multi-year data to further improve small-area LFPR estimates. 

 
REFERENCES 
 
[1] Badan Statistik Nasional, Keadaan Ketenagakerjaan Indonesia Agustus 2020, vol. 

19, no. 86. 2020. Accessed: Dec. 10, 2025. [Online]. Available: 
https://www.bps.go.id/id/publication/2016/11/30/d12d7d2096f263801ae18634/ke
adaan-angkatan-kerja-di-indonesia-agustus-2016.html 

[2] K. PPN/Bappenas, Metadata Pilar Ekonomi 2024. 2024. Accessed: Dec. 10, 2025. 
[Online]. Available: https://id.scribd.com/document/810651820/Metadata-Pilar-
Ekonomi-2024 

[3] O. M. Adriana and R. Rustam, “Analisa Determinan Kemandirian Kab/Kota 
Provinsi Jawa Tengah,” J. Innov. Res. Knowl., vol. 4, no. 2, pp. 1283–1292, Aug. 
2024, doi: 10.53625/JIRK.V4I2.8406. 

[4] E. Romeo, N. Pasaribu, N. Ariani, and E. A. Id, “Pengaruh Tingkat Partisipasi 
Angkatan Kerja, Belanja Modal, Dan Pengguna Internet Terhadap Tingkat 
Pertumbuhan Pdrb Di Kabupaten/Kota Provinsi Nusa Tenggara Timur,” J. Dev. 
Econ. Digit., vol. 2, no. 2, pp. 105–123, Aug. 2023, doi: 10.59664/JDED.V2I2.6573. 

[5] B. P. S. Indonesia, “Hasil Pendaftaran Usaha/Perusahaan Sensus Ekonomi 2016 
Provinsi Kalimantan Utara - Badan Pusat Statistik Indonesia,” Badan Pusat 
Statistik Indonesia. Accessed: Dec. 10, 2025. [Online]. Available: 
https://www.bps.go.id/id/publication/2017/12/26/8cdafa28fb6130eefafb0aa2/hasil

https://jurnal.unimus.ac.id/index.php/statistik


 Amelia, I.C., ET AL 

96 | https://jurnal.unimus.ac.id/index.php/statistik 
   [DOI: 10.14710/JSUNIMUS.13.2.2025.85-97] 
 

-pendaftaran-usaha-perusahaan-sensus-ekonomi-2016-provinsi-kalimantan-
utara.html 

[6] B. P. S. Indonesia, Hasil Pendaftaran Usaha/Perusahaan Sensus Ekonomi 2016 
Provinsi Kalimantan Timur - Badan Pusat Statistik Indonesia. 2016. Accessed: Dec. 
10, 2025. [Online]. Available: 
https://www.bps.go.id/id/publication/2017/12/26/07fcf55d08c562bd17b00ae7/has
il-pendaftaran-usaha-perusahaan-sensus-ekonomi-2016-provinsi-kalimantan-
timur.html 

[7] B. P. S. Indonesia, Hasil Pendaftaran Usaha/Perusahaan Sensus Ekonomi 2016 
Provinsi Kalimantan Tengah - Badan Pusat Statistik Indonesia. 2016. Accessed: 
Dec. 10, 2025. [Online]. Available: 
https://www.bps.go.id/id/publication/2017/12/26/94d03053df252b5b69608179/ha
sil-pendaftaran-usaha-perusahaan-sensus-ekonomi-2016-provinsi-kalimantan-
tengah.html 

[8] J. N. K. Rao and I. Molina, “Small Area Estimation: Second Edition,” Small Area 
Estim. Second Ed., pp. 1–441, Jan. 2015, doi: 10.1002/9781118735855. 

[9] J. D. Krumboltz, A. M. Mitchell, and G. B. Jones, “A Social Learning Theory of 
Career Selection,” Couns. Psychol., vol. 6, no. 1, pp. 71–81, 1976, doi: 
10.1177/001100007600600117. 

[10] A. E. Ariesti and K. Asmara, “Analisis Faktor-Faktor Yang Mempengaruhi Tingkat 
Partisipasi Angkatan Kerja (TPAK) di Pulau Jawa,” Econ. Digit. Bus. Rev., vol. 4, 
no. 2, pp. 432–438, Jul. 2023, doi: 10.37531/ECOTAL.V4I2.683. 

[11] C. Wahyuni and A. Anis, “Pengaruh Investasi Luar Negeri, Pendidikan Dan 
Teknologi Informasi-Komunikasi Terhadap Tingkat Partisipasi Angkatan Kerja DI 
Indonesia,” J. Kaji. Ekon. dan Pembang., vol. 1, no. 3, p. 897, Nov. 2019, doi: 
10.24036/JKEP.V1I3.7716. 

[12] J. M. Keynes, “The General Theory of Employment Interest and Money. The 
Collected Writings of John Maynard Keynes Vol. VII,” J. Czech Geol. Soc., vol. 49, 
pp. 161–172, 1936, Accessed: Dec. 10, 2025. [Online]. Available: 
https://books.google.com/books/about/The_General_Theory_of_Employment_In
teres.html?hl=id&id=LlwH4tXQWYUC 

[13] P. Smoke, “Rethinking Decentralization: Assessing Challenges to a Popular Public 
Sector Reform,” Public Adm. Dev., vol. 35, no. 2, pp. 97–112, May 2015, doi: 
10.1002/PAD.1703;JOURNAL:JOURNAL:1099162X. 

[14] International Labour Organization, Small Matters Global evidence on the 
contribution to employment by the self-employed, micro-enterprises and SMEs. 
2019. Accessed: Dec. 10, 2025. [Online]. Available: www.ilo.org/publns. 

[15] G. S. Becker, “Investment In Human Capital: A Theoretical Analysis,” J. Polit. 
Econ., vol. Publisher, no. 5, 1962. 

[16] T. Yuniarty, Indahwati, and A. H. Wigena, “Small Area Estimation With 
Hierarchical Bayes For Cross-Sectional And Time Series Skewed Data,” J. Math. 
Its Appl., vol. 18, no. 1, pp. 0493–0506, Mar. 2024, doi: 
10.30598/BAREKENGVOL18ISS1PP0493-0506. 

https://jurnal.unimus.ac.id/index.php/statistik


 Amelia, I.C., ET AL 

97 | https://jurnal.unimus.ac.id/index.php/statistik 
   [DOI: 10.14710/JSUNIMUS.13.2.2025.85-97] 
 

[17] M. W. Talakua and G. G. Patty, “Small Area Estimation Untuk Pendugaan Tingkat 
Partisipasi Angkatan Kerja Di Provinsi Maluku Dengan Pendekatan Kernel-
Bootstrap,” BAREKENG J. Ilmu Mat. dan Terap., vol. 10, no. 1, pp. 17–23, Mar. 
2016, doi: 10.30598/BAREKENGVOL10ISS1PP17-23. 

[18] D. K. Aristi and E. Sulistianingsih, “Small area estimation,” Bul. Ilm. Math. Stat. 
dan Ter., vol. 07, no. 4, pp. 261–268, 2018. 

[19] S. Sugasawa and T. Kubokawa, “Small area estimation with mixed models: a 
review,” Japanese J. Stat. Data Sci. 2021 32, vol. 3, no. 2, pp. 693–720, Apr. 2020, 
doi: 10.1007/S42081-020-00076-X. 

[20] I. Molina and E. Strzalkowska-Kominiak, “Estimation of proportions in small 
areas: application to the labour force using the Swiss Census Structural Survey,” J. 
R. Stat. Soc. Ser. A (Statistics Soc., vol. 183, no. 1, pp. 281–310, Jan. 2020, doi: 
10.1111/RSSA.12498. 

[21] Apriliansyah and I. Y. Wulansari, “Penerapan Empirical Best Linear Unbiased 
Prediction (EBLUP) pada Pendugaan Tingkat Pengangguran Terbuka Level 
Kecamatan di Provinsi Banten,” Semin. Nas. Off. Stat., vol. 2021, no. 1, pp. 36–44, 
Nov. 2021, doi: 10.34123/SEMNASOFFSTAT.V2021I1.927. 

[22] I. Komang Gde Sukarsa, G. K. Gandhiadi, and I. Putu Eka Nila Kencana, 
“Unemployment rate estimation in bali province: A small area estimation 
approach,” J. Ilmu Mat. dan Terap., vol. 16, no. 1, pp. 157–162, Mar. 2022, doi: 
10.30598/BAREKENGVOL16ISS1PP157-162. 

[23] W. A. Nurizza, “Penerapan Model Fay-Herriot Pada Small Area Estimation Studi 
Simulasi Pengeluaran Per Kapita Level Kabupaten/Kota Provinsi Kalimantan 
Timur Tahun 2020,” Badan Pus. Stat. Kabupaten Paser, 2020. 

 

https://jurnal.unimus.ac.id/index.php/statistik

