Jurnal Matematika Integratif. p-ISSN:1412-6184, e-ISSN:2549-903
Vol. 21, No. 2 (2025), pp. 229-244. do0i:10.24198/jmi.v21.n2.65239.229-244

Estimation of Labor Force Participation Rate (TPAK) in Java’s
Data-Scarce Areas Using Ordinary Cokriging

SOFIA ANGELINA, NURUL GUSRIANI, DAN FIRDANIZA

Departemen Matematika, Fakultas MIPA, Universitas Padjadjaran
JI. Ir. Soekarno Km 21 Jatinangor Sumedang 45363
Email: sofia20002@mail.unpad.ac.id

Abstract

The quality of the labor force is crucial for economic development, and
the Labor Force Participation Rate (TPAK) is a key employment indi-
cator. In 2024, TPAK data collection in Java Island faced gaps in DKI
Jakarta and Banten Provinces, limiting comprehensive labor mapping.
To address this, this study develops a spatial estimation method using
the geostatistical approach of ordinary cokriging to predict TPAK in
areas with limited data. This method allows estimation by incorporat-
ing information from surrounding regions and secondary variables. The
Open Unemployment Rate (TPT), which has a strong inverse relation-
ship with TPAK—where each 1% increase in TPAK is associated with
a 14.82% decrease in TPT—was used as the secondary variable. Spatial
autocorrelation analysis with Moran’s I test confirmed that TPAK and
TPT exhibit spatial patterns, are normally distributed based on Jarque-
Bera test, and meet stationarity assumptions visual analysis. The best
cross semivariogram model was selected using k-fold cross validation,
which identified the spherical model with the lowest average RMSE of
4.24. The resulting ordinary cokriging model produced accurate TPAK
estimates, achieving a MAPE of 3.25%. These estimates enable spatial
visualization of TPAK in previously unobserved areas, contributing to a
more complete understanding of labor participation across Java Island.
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1. INTRODUCTION

Labor is a key driver of economic development, serving as both a productive resource and
a contributor to consumption and national output [1]. A high proportion of economically ac-
tive working-age population enhances productivity, expands employment opportunities, and in-
creases regional income [2]. The Labor Force Participation Rate (Tingkat Partisipasi Angkatan
Kerja or TPAK) captures this dynamic by indicating the percentage of the working-age pop-
ulation actively participating in the labor market [3]. This indicator is essential for regional
development planning, particularly in densely populated areas such as Java Island, which is
home to 55.73% of Indonesia’s population [4].

However, TPAK data are not always complete. In 2024, Statistics Indonesia did not
publish TPAK values for all cities and regencies in DKI Jakarta and Banten Provinces. This
data gap restricts spatial analysis and undermines efforts to design equitable, data-driven em-
ployment policies. These provinces are not only highly urbanized and economically active,
but also central to national labor dynamics, making the lack of data particularly concerning.
While previous studies have linked TPAK with various socio-economic indicators through re-
gression and econometric models [5][6][7][8], they largely overlook regions with incomplete data.
Furthermore, none have applied geostatistical methods to estimate TPAK.

Ordinary cokriging is one such method, widely used in estimating unmeasured values
by leveraging spatial correlation and secondary variables. It has been effectively applied in
fields such as pollution monitoring [9], heavy metal assessment [10], and vegetation studies
[11], but rarely in labor statistics. This study uses the Open Unemployment Rate (Tingkat
Pengangguran Terbuka or TPT) as a secondary variable due to its strong inverse relationship
with TPAK, where a 1% increase in TPAK is associated with a 14.82% decrease in TPT [12].
The integration of TPT enhances estimation accuracy in regions lacking TPAK data.

In addition to spatial modeling, this study implements k-fold cross-validation to select
the best-fitting theoretical semivariogram, addressing limitations of conventional goodness-of-fit
criteria such as SSE or R? [13][14]. It also applies assumption testing on normality, stationarity,
and spatial autocorrelation using Moran’s I [15], which is often neglected in similar studies.

This study aims to estimate the 2024 Labor Force Participation Rate (TPAK) in the
cities/regencies of DKI Jakarta and Banten Provinces using the ordinary cokriging method,
with the Open Unemployment Rate (TPT) as a secondary variable. These provinces are
economically central and highly urbanized, yet omitted from recent TPAK reporting, creating
serious blind spots in labor analysis. Ordinary cokriging, by incorporating spatial and statistical
relationships between TPAK and TPT, offers a novel and data-efficient solution for such gaps.
The goal is to generate accurate spatial predictions and to support equitable labor policy
formulation by addressing existing data gaps through robust geostatistical modelling.

2. METHODOLOGIES

2.1. Exploratory Data Analysis. The exploratory analysis of the primary and secondary
variables to be involved in geostatistical spatial interpolation processes is an important step
to be taken before process implementation. Once the interpolation methods are based on
stationarity and unbiased assumptions, among others, estimates are affected by dataset features
such as bias, outliers, and clusters [15]. Therefore, this study performed exploratory analyses
focusing on normality (using Jarque-Bera test), spatial autocorrelation (using Moran’s I test),
and stationarity (through 3D scatterplots). These steps were carried out to ensure the data
met key assumptions required for reliable spatial prediction.

2.1.1. Normality. The Jarque-Bera (JB) test is used to assess whether model residuals follow
a normal distribution by evaluating skewness and kurtosis [?]. The null hypothesis assumes
normality and is rejected if the test statistic satisfies JB > X?a;z)’ where X%a;Z) is the critical
value of the chi-squared distribution with 2 degrees of freedom at significance level a. The JB
test statistic is defined as:
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JB = % (SK2 + W) : (1)

where n is the number of observations, S is the sample skewness, and K is the sample kurtosis.
The skewness SK and kurtosis K are computed as follows:

SK:ii(eiU:ef, (2)
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where e; are the residuals, € is the mean of the residuals, and o2 = 1 3" | (e; — €)? is their
variance. In geostatistics, residual normality is desirable because kriging relies on second-order
moments (i.e., variances and covariances). Skewed or heavy-tailed residuals may distort kriging

estimates. Therefore, data transformations (e.g. Box-Cox) are often applied to normalize the
distribution, reduce the influence of outliers, and improve stationarity [17].

2.1.2. Spatial autocorrelation. The spatial weight matrix is used to quantify the spatial relation-
ship between observation locations [18]. It incorporates both geographic coordinates (latitude
and longitude) and map-based contiguity [19]. One common method is the inverse distance
weighting, where weights are calculated using the Euclidean distance between coordinates. The
inverse distance weight w;y is given by:

_ dy!
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with d;, = \/ (u; —ug)? + (v; — v)2, where u; and v; represent the geographic coordinates of
location 4, and similarly for u; and v,. These weights are then used to assess spatial autocorre-
lation, which measures how similar observation values are across space. Spatial autocorrelation
is commonly tested using Moran’s I index [14], which detects whether values in one location
are correlated with neighboring values. The test uses the following hypotheses [18]:

Hy: Iny =0 (no autocorrelation)

Hy, : Iy #0  (existing autocorrelation).

The Moran’s [ statistic (Ip7) and its Z-score are calculated as

Wik

(4)

Znitang = L) (5)
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where Var(Iy) is the variance of Moran’s I, and E(Iy) = ——5. The test rejects the null

hypothesis if Znitung < fZa/2 Or Zhitung = Zayj2- Moran’s I ranges from —1 to 1: positive
values indicate positive spatial correlation, negative values indicate negative correlation, and
zero means no spatial autocorrelation.

2.1.3. Stationarity. A dataset is considered stationary if it shows no trend over time, its fluctua-
tions occur around a constant mean with constant variance [20]. The Augmented Dickey-Fuller
(ADF) test is commonly used to assess time series stationarity [21]. Spatial stationarity is the
statistical properties of data do not vary across locations. In weak stationarity, the mean,
variance, and spatial relationships remain consistent. Strong stationarity extends this to more
complex properties. However, many spatial datasets exhibit irregular patterns between loca-
tions [22]. 3D plots of coordinate-based observations is suggested to examine spatial stationarity
[23]. Figure 1(a) shows a random, patternless distribution indicating stationarity, while Figure
1(b) displays a downward trend, indicating non-stationarity. If spatial data (based on latitude
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or longitude) has no clear trend, ordinary kriging can be applied. If a trend is present, ordinary
kriging is not suitable [24].

(Bdw) fouaniy?

(b)
FIGURE 1. Stationary (a) and non-stationary (b) patterns on 3D
scatterplots [25]

2.2. Crossvariogram. Variogram modeling is a core part of kriging, used to describe the
spatial variation of a regional variable. In cokriging, this concept is extended to the crossvar-

iogram, which incorporates both primary and secondary variables. The crossvariogram -;;(h)
is expressed as

N(h)
1) = 5577 > () = YiCo + )] (X5 00) = X 0+ ) (6)

where Y;(ux) and X;(ux) are the observed values of the primary and secondary variables in
location ug, respectively, and h is the lag distance between sampled locations. While variogram
always yield positive values, crossvariograms can be negative, refelcting a negative spatial
correlation between variables [8]. If the crossvariogram reveals spatial dependence, it allows

cokriging to provide optimal estimates by accounting for the joint spatial structure of both
variables [26].

2.3. Theoretical Model. Fitting the experimental variogram to a theoretical model is essen-
tial in kriging and cokriging because it directly influences the weight calculation used for spatial
interpolation [27]. This process involves matching the curve of the experimental semivariogram
or crossvariogram with standard mathematical models such as spherical, exponential, or Gauss-
ian [28] crossvariograms, which capture the spatial correlation between primary and secondary
variables, follow the same structure as semivariograms but may take negative values when the
variables move in opposite directions [29]. Key parameters in both models include the nugget
(micro-scale variation or error), sill (maximum semivariance), and range (distance where spa-

tial correlation becomes negligible) [30]. The most commonly used theoretical model are as
follows:

1. Spherical Model

3

. co+c<%—h7>, 0<h<a

'YS(h):{ 2o 207 (7)
co + ¢, h>a
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2. Exponential Model
'yg(h):co—l—c(l—e*h/“), h>0 (8)

3. Gaussian Model
’y&(h):co+c(1—6_h2/“2), h>0 (9)

2.4. K-Fold Cross Validation. Cross validation is an evaluation method used to improve
model flexibility and performance. Among several types (such as holdout, bootstrapping, and
Monte Carlo) k-fold cross validation is widely preferred due to its balanced trade-off between
bias and variance. In this method, the dataset is split into ks equal parts (folds). The model
is trained on ky — 1 folds and validated on the remaining fold, repeating the process ks times
so every point is used for both training and testing. This helps prevent overfitting [31] and
improves model averaging [32]. Common choices for k; are 5 or 10 [33]. At each iteration,
prediction accuracy is evaluated using the Root Mean Square Error (RMSE)

RMSE = | 3" (+(h); — 3 (h):)* (10)

i=1

where (h) is the experimental crossvariogram and 4 (h) is the theoretical model [34]. The
average error across all folds is then computed as

ky
1
Vi, = 1 > RMSE; (11)
i=1

The best model is selected based on the lowest average RMSE value.

2.5. Ordinary Cokriging Method. Matheron describes cokriging as a multivariate geosta-
tistical interpolation method that estimates the primary variable by combining its own exper-
imental data with correlated secondary variable data. It performs well when the correlation
between variables is high [35]. The cokriging linear model is written as

Jo= > aiyi+ Y bz, (12)
i=1 =1

where ¢y is the estimated value of unsampled location, y; is the primary variable, z; is the
secondary variable, and a; and b} are the weights for each variables respectively. The cokriging
estimator is a weighted sum of both variables, and it satisfies the unbiased condition assuming
unknown means. To avoid estimation issues from negative weights, a unique unbiased con-
straint is used, where the sum of all weights equals one. Ordinary cokriging assumes constant
spatial means and determines optimal weights by minimizing the estimation error variance
using the Lagrange multiplier method. Covariances needed for weight calculation are derived
from theoretical cross semivariograms, expressed as

*

Cih) = Ci(0) =i ) = C5(0) |1 - G . (13)

The cokriging weights formula is written as

z=C'D, (14)
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which can be written in matrix form as

-Cylyl (h) T Cylyn (h) Cylzl (h) e Cylxm (h) 1o Cyoy1 (h) 1
C@/n?!l (h) T Oynyn (h) Oynxl (h) e Cynﬂfm (h’) 1 0 Oyﬂyn (h)
7 = Cory (h) - leyn(h) Caz(h) -+ Copm,(h) 0 1 Cyozs (h)
meyl (h) e meyn (h) szxl (h) e Oxmxm (h) 0 1 Cyo:cm (h)
1 ‘e 1 0 e 0 0 0 1
|0 e 0 1 e 1 oo | o |

where C is the covariance matrix, D is the covariance vector between sampled and unsampled
locations, and z is the vector of weights. Solving this system yields the weights, which are
then substituted back into the linear cokriging model in Equation (10) to estimate the primary
variable at unsampled locations.

2.6. Mean Average Percentage Error (MAPE). The Mean Absolute Percentage Error
(MAPE) is an effective measurement for evaluating the accuracy of a predictive model by
dividing the difference between the actual value ad the predicted value by the actual value,
expressed as a percentage. MAPE can be calculated using the following equation:

n

MAPE = lz

n-
i=1

Yi — Ui

Yi

x 100% (15)

where y; is the i-th actual value and ¢; is the i-th predicted value. A smaller MAPE value
indicates a more accurate prediction model. The scale of judgment for forecast accuracy based
on MAPE is presented in Table 1.

TABLE 1. Scale of judgment of forecast accuracy

MAPE Value  Model Accuracy Level
Less than 10% Highly accurate

11% to 20% Good forecast

21% to 50% Reasonable forecast
51% or more Inaccurate forecast
Source: [36]

2.7. Research Flowchart. To provide a clear overview of the methodological process used
in this study, a flowchart is presented in Figure 2 to illustrate the major stages of the re-
search, starting from data preprocessing through to the estimation of TPAK values using the
ordinary cokriging method. The flow includes key procedures such as data validation, spatial
autocorrelation testing, variogram fitting, model evaluation, and final estimation.

In addition, Figure 3 presents a separate flowchart detailing the k-fold cross-validation
process used to select the best-fitting theoretical cross semivariogram model. This procedure
involves partitioning the dataset into k folds, performing training and testing iteratively, and
assessing performance based on RMSE values. Together, these diagrams enhance the clarity of
the research design and illustrate the logical structure of the methodological framework.
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Exploratory Data Analysis

Does the data
fulfill normality,
spatial
autocorrelation,
and stationarity
assumption?

Determine the best theoretical model with
k-fold cross validation
1
‘ Calculate covariance of primary and ‘

secondary variables

Calculate cokriging weights

Form linear cokriging model

‘ MAPE to evaluate accuracy of the model ‘

using known TPAK values

! Research cannot be continued
Estimate values of TPAK in data-scarce using the ordinary cokriging
regions using constructed cokriging model method

Best estimated TPAK values
in data-scarce regions

FIGURE 2. Research flowchart from data preprocessing to estimation

Divide the data into 5 folds

]
Set one fold as the testing group, and the other

four folds as the training group
¥

Calculate the experimental crossvariogram on the training group

]

Fit the three theoretical models (spherical, exponential, Gaussian)
to the experimental crossvariogram of the training group

1

Calculate the experimental crossvariogram on the testing group

i

Calculate RMSE value between the three theoretical models and the experimental
crossvariogram of the testing group

Yes

Are there

still folds?

Calculate the RMSE average of each theoretical model
from all folds
¥
Select the best theoretical
model based on the smallest
RMSE average

FiGure 3. K-fold cross validation procedure for model evaluation
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3. RESuLT

3.1. Exploratory Data Analysis. The Jarque-Bera test uses a 5% significance level and 2
degrees of freedom, resulting in a critical chi-square value of 5.991. This critical value was
obtained from the chi-square distribution table. The results of the JB test show a skewness
value of 0.1660585 and a kurtosis value of 3.323844, resulting in a JB statistic of 0.9324329.
Since this value is less than the critical value of 5.991, the null hypothesis is not rejected,
indicating that the residuals are normally distributed for TPAK. This means the cokriging
estimation will result in a better prediction as geostatistics analysis generally prefers normally
distributed data. After the normality test, we conduct Moran’s I test to examine the spatial
autocorrelation of both TPAK and TPT datas. The test is done on the coordinates shown in
Table 2.

TABLE 2. Coordinates of cities/regencies in Java Island

Location City/Regency Longitude Latitude

1 Kabupaten Bogor 106.8249650 —6.4796790
2 Kabupaten Sukabumi 106.9266670 —6.9186110
103 Kota Madiun 111.513702  —7.629714
104 Kota Surabaya 112.734398  —7.289166
Source: [37]

The inverse distance weight of the coordinates is obtained with Equation 2 and presented in
Appendix A. The weights are then used to calculate spatial autocorrelation of TPAK and TPT
data using Equation 2. Moran’s I test result is presented in Table 3.

TABLE 3. Moran’s I test result

Variable IM E(IM) Va.I‘(ij> Zhitung
TPAK (Y) 0.22285 —0.00970 0.01966 1.65832
TPT (X) 0.32509 —0.00970 0.01966 2.38736

The result shows that the calculated Zyitung is greater than or equal to Zg.gs, indicating the
presence of spatial autocorrelation in TPAK and TPT values across cities/regencies in Java.
This suggests that TPAK and TPT values in a given location tend to be influenced by the values
in neighboring areas. The presence of such spatial patterns makes geostatistical approaches
like cokriging relevant for use in the estimation process.

Next, a visual analysis was conducted to understand the characteristics of the TPAK
data prior to further estimation. A three-dimensional scatterplot was used to evaluate the data
distribution patterns and to identify indications of stationarity. This visualization helps reveal
whether there are any trends or specific patterns in the data that may influence the modeling
process. Figure 2 and Figure 3 presents the three-dimensional scatterplot of TPAK and TPT
values across cities/regencies in Java.
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3D Scatterplot of TPAK
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FI1GURE 4. 3D scatterplot of TPAK in Java Island

3D Scatterplot of TPT
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FIGURE 5. 3D scatterplot of TPT in Java Island

The distribution patterns of both TPAK and TPT values appear to be randomly scattered
without location-dependent trends, as shown in Figure 1(a). The TPAK data points exhibit no
visually significant spatial trend, indicating stationarity across districts/cities in Java, which
supports the application of the ordinary cokriging method. Similarly, the visual analysis of
TPT data shows a random distribution pattern with no evident spatial tendency, suggesting
that the TPT data are also stationary and therefore suitable to be used as a secondary variable
in the ordinary cokriging estimation.

3.2. Theoretical Model Fitting for TPAK and TPT. Before estimating TPAK values at
locations without data, the best theoretical cross semivariogram model was determined using k-
fold cross validation with ky = 5. In this study, the data were divided into five folds, with each
iteration using four folds as training data and one fold as test data. The model’s performance
in each iteration was evaluated using RMSE as an indicator of prediction accuracy. The RMSE
values from all folds were then averaged to obtain an overall assessment of each theoretical
cross semivariogram model’s performance. Table 4 presents the RMSE calculations for each
fold across all candidate theoretical cross semivariogram models.
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TABLE 4. K-fold cross validation result

Fold  ~(h) o 0 V& RMSEgs RMSEg RMSEq
1 8.37529 1.35489 1.21031 1.20403 7.36196 7.49241 7.48861
2 7.83474 1.35852 1.21281 1.22280 7.20362 7.31419 7.28781
3 7.84537 6.60750 5.27225 2.51305 3.21359 3.92629 6.10152
4 5.59761 5.32417 5.32345 5.19987 1.21108 1.19895 1.33524
) 7.56773 T7.21266 7.26247 7.18866 2.20680 2.20141 2.23999
Average RMSE (Cka) 4.23941 4.42665 4.89064

The best theoretical semivariogram model was selected based on the lowest average RMSE
value. The spherical model yielded the smallest average RMSE of 4.23941, followed by the
exponential model with 4.42665, and the Gaussian model with 4.89064. This indicates that the
spherical model provides the highest prediction accuracy among the three. Therefore, it was
selected as the best theoretical cross semivariogram model to be used in the estimation process
using the ordinary cokriging method. A visualization of the spherical model as the best-fit
theoretical model is shown in Figure 4.

12 o -

10 ° e o o -

semivariance

T T T T T
05 1.0 1.5 2.0 25

distance

FIGURE 6. Fitting of the spherical model to the experimental crossvariogram

Figure 4 illustrates the fitting of the spherical theoretical cross semivariogram model to
the experimental crossvariogram. The dots represent semivariance values at various distances,
while the curve depicts the theoretical model pattern, which increases until it reaches a stable
level (sill). The alignment between the curve and the distribution of data points supports the
selection of the spherical model as the best representation of the spatial structure between the
TPAK and TPT variables.

3.3. Cokriging Weights. The next step is the weighting of ordinary cokriging using the best
theoretical model. Covariance matrix C entries is calculated using Equation 11, then the
matrix is inverted to obtain C~! as presented in Appendix B. Next, we calculated vector D,
the variance vector between the values of the two variables at the sampled locations and the
unsampled location. Vector D is presented in Appendix C. From both matrices, we calculate
the cokriging weights vector z with z = C~'D. Vector z is presented as follows:
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[ 0.03632
—0.00274
—0.02116

—0.00448
—0.02847
| —0.02847 |

Weights from vector z is the foundation to calculate the estimated values. These weights
are substituted to the linear cokriging model shown in Equation 10. The model is temporally
static, relying solely on 2024 data. Incorporating TPAK values from previous years could reveal
trends or structural shifts in labor participation, offering a more dynamic estimation approach.

The constructed cokriging model was first applied to several locations where the actual
data was available, but treated as if it were unknown for evaluation purposes. The model’s
estimated values were then compared to the actual values using MAPE. Based on this evalua-
tion, an overview of the model’s predictive accuracy was obtained as shown in Table 5, which
served as the basis for determining that the model is suitable for estimating values at locations
where data is truly unavailable.

TABLE 5. MAPE calculation of estimated and known TPAK value

Location City/Regency Estimated TPAK Value Known TPAK Value
1 Kabupaten Bogor 70.55253578 66.30
2 Kabupaten Sukabumi 72.16343965 69.75
103 Kota Madiun 71.18452647 70.60
104 Kota Surabaya 71.43259252 70.49
MAPE 3.24854%

The MAPE value is less than 10%, which shows that the model provides highly accurate
estimation results and is suitable for predicting TPAK values at locations without data. For
further analysis, the comparison graph between the estimated and known TPAK values is
shown on Figure 5 to visualize the gap of the values.

Comparison of Known and Estimated TPAK Values
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F1GURE 7. Comparison graph of estimated and known TPAK Values
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This scatter plot illustrates the relationship between estimated and actual TPAK values.
Although several data points exhibit considerable deviation from the actual values, indicating
instances of overestimation or underestimation, many estimations align closely with the ideal
line (y = x), reflecting high precision. This consistency in accurate predictions likely contributes
to the notably low MAPE value observed in model evaluation.

3.4. TPAK Estimation Results with Ordinary Cokriging Method. Estimation of TPAK
value for cities/regencies in Java Island without TPAK value is carried out with the constructed
cokriging model and the results are presented in Table 6 below.

TABLE 6. Estimated results of TPAK value in targeted locations

Target City/Regency Known TPT Value Estimated TPAK Value
Kabupaten Kepulauan Seribu 7.93 71.5290817
Kota Jakarta Selatan 5.22 69.4047539
Kota Jakarta Timur 6.95 69.3942828
Kota Jakarta Pusat 6.24 69.7466378
Kota Jakarta Barat 6.18 69.9647809
Kota Jakarta Utara 6.18 69.9587694
Kabupaten Pandeglang 8.09 71.6250697
Kabupaten Lebak 6.23 71.5165461
Kabupaten Tangerang 6.06 71.0395328
Kabupaten Serang 9.18 72.2063452
Kota Tangerang 5.92 70.0481292
Kota Cilegon 6.08 71.8234746
Kota Serang 7.12 71.6411745
Kota Tangerang Selatan 5.09 69.4048025

The estimated values were then plotted on the TPAK distribution map for cities/regencies
in Java Island to provide a comprehensive overview of the TPAK distribution across the island.
Previously, the TPAK distribution map of Java appeared empty in the western region of the
island due to the absence of data for all cities/regencies in DKI Jakarta and Banten Provinces.
After estimating the TPAK values for the cities/regencies in both provinces, the TPAK distri-
bution map of Java Island became more complete, allowing the spatial pattern of TPAK to be
more clearly observed, including the distribution patterns of areas with high or low TPAK that
were previously unidentifiable due to data limitations. A comparison of both plotted maps is
shown in Figure 6.
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2024 TPAK Value in Sampled Locations
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FIGURE 8. Plotted TPAK values in Java Island in 2024:
(a) before estimation; (b) after estimation.

As shown in Figure 6(b), most areas fall within the medium TPAK range, which is
between 70 and 80. The relatively high TPAK values indicate that the majority of the working-
age population in Java Island is economically active. This reflects a high level of labor force
participation in overall economic activities across Java Island.

4. CONCLUSION

This study successfully estimated the 2024 TPAK values in cities and regencies across
Java Island, including areas without official data such as DKI Jakarta and Banten Provinces,
using the ordinary cokriging method. Among the tested semivariogram models, the spherical
model yielded the best performance based on k-fold cross-validation, producing the lowest av-
erage RMSE of 4.24. Furthermore, the overall MAPE of 3.25% demonstrates strong predictive
accuracy, with many estimated values closely aligning with actual TPAK figures in cities and
regencies where data were available, as shown by Figure 5. The resulting TPAK distribution
map reveals that estimated regions exhibit relatively moderate to high labor force participa-
tion, consistent with patterns observed in adjacent urban and peri-urban areas. These findings
confirm that ordinary cokriging, when supported by a well-fitted variogram, is an effective
and reliable method for estimating labor force participation in spatially incomplete datasets.
This expanded spatial coverage improves labor statistics and supports more equitable policy
formulation by illuminating regions previously excluded from analysis. Future studies could
extend this approach to other Indonesian islands or enhance the model by incorporating addi-
tional secondary variables such as education levels, urbanization rates, or informal employment
proportions to further improve estimation robustness and policy relevance.
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APPENDIX A. INVERSE DISTANCE WEIGHT
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APPENDIX B. COVARIANCE MATRIX C~!
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APPENDIX C. VARIANCE VECTOR D
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