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Abstract: The open unemployment rate is a key indicator reflecting the labor market conditions of a region.
Java Island, as the economic hub of Indonesia with a large population, is at risk of facing unemployment issues.
This study aims to model the open unemployment rate in Java Island using truncated spline semiparametric
regression with optimal knot selection based on the minimum Cross Validation (CV) value. The data used are
secondary data from the Central Statistics Agency (BPS) for the year 2024. The data cover 119 regencies/cities
on Java and are divided into 80% training data and 20% testing data. The variables used in this study include
the minimum wage, the percentage of the poor population, Gross Regional Domestic Product (GRDP),
population growth rate, and Labor Force Participation Rate (LFPR). The results show that the best model was
obtained using a first-order spline with two knot points, yielding a minimum CV value of 0.994062. Model
evaluation shows that the training data achieved a Mean Absolute Error (MAE) of 0.84332 and 0.964139 on
the testing data, as well as a Mean Absolute Percentage Error (MAPE) of 19.63% on the training data and
21.29% on the testing data. The coefficient of determination ((R?) ) was 63.66% for the training data and
48.88% for the testing data. The difference in values between the training and testing data indicates that the
model is capable of modeling the open unemployment rate with a reasonably good level of prediction accuracy.
Keywords: Open Unemployment Rate , Semiparametric Regression , Truncated Spline , Cross-Validation ,
Optimal Knot, Java Island
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1. INTRODUCTION

Unemployment refers to the condition of individuals who are not currently working or are actively
seeking employment[1] . According to Satrio and Utomo[2] , unemployment can be measured by the open
unemployment rate. The open unemployment rate represents the proportion of the labor force that is not employed.
The island of Java is home to approximately 56% of Indonesia’s total population of 270 million[3] . Although its
land area accounts for only 7% of Indonesia’s total landmass, the island serves as a central hub, causing various
community activities to be concentrated in this region [4] . This situation leads residents living outside Java to
choose cities or regencies on Java as their place of residence, hoping to secure more stable employment and
improve their quality of life. On the other hand, this creates competition for jobs and drives up the open
unemployment rate[5] .

Economic growth on Java is reflected in the increase in Regional Gross Domestic Product (RGDP).
RGDP has the potential to create added value in the production of goods and services across various sectors,
thereby creating job opportunities[6] . However, this has not yet fully succeeded in reducing unemployment
because the available job opportunities do not match the size of the labor force[7] .

Wages serve as a source of income for workers and as a production cost for companies[8] . Changes in
wage levels can influence individuals’ decisions when seeking employment as well as companies’ policies
regarding the management of production costs. Higher wages can increase income, but on the other hand , they
can raise production costs, leading to higher product prices. If product prices continue to rise, demand for goods
decreases and companies may potentially incur losses. In such circumstances, companies may implement
efficiency measures to address the resulting losses, such as reducing the workforce or implementing layoffs
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(PHK)[9] . High unemployment rates can lead to various issues, such as reduced purchasing power and increased
criminal activity[10] . Therefore, an analysis of the relationship between the unemployment rate and its influencing
factors is necessary.

Regression analysis is a model used to explain the relationship between the dependent variable and the
independent variables[11] . Parametric regression is often the preferred choice in this analysis because the method
is relatively easy to interpret[12] . Parametric regression assumes that the form of the relationship between
variables is known, such as linear[13] . However, this assumption is not always met, so nonparametric regression
is used as an alternative because this method does not assume a specific curve shape[14] . In some cases, some
variables still exhibit a linear relationship, while others show relationship patterns of unknown form. One method
that can be used is semiparametric regression[15] . The nonparametric component in semiparametric regression
can be estimated using various methods, one of which is the spline[16] . However, splines have limitations, leading
to the development of truncated basis functions. These functions aim to divide the data into several segments so
that the model can adapt to changes in the data pattern[17] .

Numerous studies on modeling the open unemployment rate have been conducted using various
approaches. In 2022, Santi et al.[10] modeled the open unemployment rate on the island of Java using penalized
spline nonparametric regression, which falls under nonlinear modeling. Then in 2023, researchers Satrio and
Utomol[2] analyzed the open unemployment rate on Java Island for the period 20122021 using a panel data
regression method based on the Random Effects Model (REM). This model is a parametric approach assuming a
linear relationship between the dependent and independent variables. A linear approach was also used by
researchers Amarta and Setiawati [1] in 2025. The method employed was multiple linear regression. Unlike
previous studies that used parametric or nonparametric approaches separately, this study utilized semiparametric
regression, which is capable of capturing both linear and nonlinear relationships within a single model.

Semi-parametric regression has been applied in various fields of research. Marbun et al. ([18] , 2020)
used this model to analyze movements in the Jakarta Composite Index (JCI) using the R GUI application.
Parameter estimation was performed using the Ordinary Least Squares method, with knot selection based on the
minimum MSE value. The best model was obtained at the second order with three optimal knot points, yielding a
coefficient of determination ((R?) ) of 90.75% and a MAPE of 3.77%, indicating excellent predictive capability.
In 2024, researchers Setyawati et al.[19] applied the truncated spline semiparametric regression method to model
the effects of Time (parametric) as well as Temperature and Sunlight Intensity (nonparametric) on COVID-19 CIR
and CFR in Indonesia by determining knots based on the minimum Generalized Cross Validation (GCV). Unlike
previous studies, the researchers in this study used knot selection based on minimum Cross Validation (CV) to
model the Open Unemployment Rate on the island of Java.

2. THE COMPREHENSIVE THEORETICAL BASIS
2.1. Truncated Spline

Truncated spline is a method capable of handling data with different patterns in each sub-interval[20] .
Its advantage lies in the truncated function that forms knot points[22] . A knot point is the point where two curves
meet, indicating a change in the pattern’s shape across different intervals[21] . Generally, an nth-order spline m
with knot pointsT;, T,, ..., T; is written as

s m s
g(zi) = Z Z You Zviu + Z Z yv,m+r (Zvi - Trv)+m ’ i= 1'2' - n (1)

v=1u=1 v=1r=1
wherey,,,, is the coefficient of the variablez,; ,y, . is the coefficient in the truncated function,v = 1,2, ..., s
wheres is the number of nonparametric independent variables,z,; is the independent variable,u = 1,2,...,m
wherem is the degree of the polynomial,T;,, is the knot point,r = 1,2, ..., j wherej is the number of knot points,
and(z; — tj)+m is the truncated function defined as
=) X =t
— m:{(zm rvJ+ o A ™o
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2.2. Truncated Spline Semiparametric Regression

According to Eubank[22] , semiparametric regression is a regression method that combines parametric
and nonparametric components into a single model. This approach is used when the form of some of the
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relationships between variables is known, and the form of others is not yet known with certainty, resulting in both
linear and nonlinear relationships[7] . In general, semiparametric regression can be written as
Vi zf(xi)+g(zi)+gi! i=12..,n (2)
In equation (2), the parametric componentf (x; ) assumes a linear relationship between variables, allowing
it to be modeled using parametric regression. Parametric regression itself can be written as
vi =f(x)+¢e, i=12,..,n
If there is only one independent variable that has a linear relationship with the dependent variable, then
the parametric component uses thef (x; ) component in simple linear regression. This component can be written
as
fxi) =By + Bixis, i=12..,n 3)
However, if there is more than one independent variable with a linear relationship, then the parametric
component uses thef (x; ) component in multiple linear regression, which can be written as
fCxi)=PBo + Pixiu + Paxip+ -+ Prxi, i =12,..,m (4)
Therefore, the truncated spline semiparametric regression model can be expressed by substituting
equation (1) as the nonparametric component and equation (3) or (4) as the parametric component into equation
(2), resulting in the truncated spline semiparametric regression model as

s m s ]
Vi = f(xi) + Z Z You Zviu + z Z YU,u+r (Zvi - Trv)+m + & i= 1'2' - T

v=1u=1 v=1r=1

2.3. Selection of Optimal Knot

In the truncated spline semiparametric regression method, the selection of optimal knots significantly
influences the creation of the best model[23] . One of the methods is Cross Validation (CV). Cross Validation
(CV) is a method used to determine knots. The minimum CV value yields the best model. The CV formula is
written as

Cv(r) =13, [2]

1-Ly(T)
wheren is the number of data points,T is the number of knot points,y; is the th dependent variable,i andY are the
estimated values from the model, andL;; (T) is the diagonal element of the hat matrix or smoothing matrix for the
truncated spline model.

2.4. Model Accuracy Evaluation

Model accuracy can be evaluated using prediction error metrics, including Mean Absolute Error (MAE)
and Mean Absolute Percentage Error (MAPE). These two metrics are used to determine the magnitude of the
difference between actual values and the model’s predicted values. The first prediction error metric described is
MAE. Mean Absolute Error, or MAE, is defined as the average of the absolute values of the differences between
the actual values and the predicted values. Mathematically, MAE is expressed as

MAE = =37 1y; = 94,
wherey; is the actual value,y; is the predicted value,n is the number of data points, and|y; — ;| is the absolute
difference between the actual and predicted values. The smaller the MAE value, the better the model is at making
predictions[24] .

Furthermore, the measure of prediction error can also be expressed as a percentage using the Mean
Absolute Percentage Error (MAPE). The Mean Absolute Percentage Error (MAPE) is a metric used to assess the

accuracy of predictions made against actual data. The MAPE formula is written
MAPE = 1% yn [Ty
n Yi
wherey; is the actual value,Y; is the predicted value, andn is the number of data points. The smaller the MAPE
value, the more accurate the model. Generally, a MAPE value below 10% indicates a model with very high
accuracy, the 10%—-20% range indicates an accurate model, the 20%-50% range indicates moderate accuracy, and

above 50% indicates a model with low accuracy[25] .
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2.5. Coefficient of Determination (R?)
The coefficient of determination(R?) is a method used to determine the extent to which the dependent
variable is explained by the independent variables. The formulaR? is written as
R? = Lm0’
S i-9?
wherey; is the actual value,y; is the predicted value from the model, andy is the average value ofy . The value
ofR? ranges from 0 to 1[24] . If the value ofR? approaches one, the independent variables are better at explaining
the dependent variable . However, if the value ofR? approaches zero, the resulting regression model is less suitable
for use.

3. METHOD

This section explains the data sources, research steps, and methods used in truncated spline
semiparametric regression modeling.
3.1. Research Data Sources

The data in this study are secondary data obtained from the Central Statistics Agency (BPS) in 2024. The
data were accessed through official BPS publications at both the central and regional levels. The data used cover
119 regencies/cities on the island of Java. Next, the data was divided into two groups: training data and testing
data, based on an 80:20 ratio. Eighty percent of the training data was used to build and estimate the model, while
20% was used as testing data to evaluate the model’s predictive capability. The variables used consist of one

dependent variable ((Y) ) and five independent variables ((X; — Xs) ), as shown in Table 1.
Table 1. Research Variables
Variable  Description

Y Open unemployment rate (percent)

X, Minimum wage (rupiah)

X, Percentage of the poor population (percent)

X5 Gross regional domestic product (billion rupiah)
X, Population growth rate (thousands)

X Labor force participation rate (percent)

3.2. Research Steps
The research steps were carried out systematically following the flow below:
1. Collected data on the open unemployment rate in Java along with its independent variables through access
to the Central Bureau of Statistics (BPS), both from the central and regional BPS offices.
2. Conducting Exploratory Data Analysis (EDA) to understand the data and identify variables through
descriptive statistics.
3. Performing the data preprocessing stage, which includes data cleaning and data scaling, to obtain data ready
for modeling.
4. Split the data into two groups: training data and testing data, with a ratio of 80% to 20%.
5. ldentify patterns of relationships between the dependent variable and independent variables using scatter
plots to determine parametric and nonparametric components.
6. Model the parametric components using linear regression, while the nonparametric components are
approximated using truncated splines with various combinations of order and humber of knot points
7. Determine the optimal knot points for each model combination using the minimum Cross-Validation (CV)
value to obtain the best model.
8. Estimating the parameters of the truncated spline semiparametric regression model using the Ordinary Least
Squares (OLS) method.
9. Evaluate model performance using prediction error measures, namely Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE), and the coefficient of determination ((R?) ) on training and testing data.
10. Analysis of results and conclusions of the truncated spline semiparametric regression model.

4. RESULTS AND DISCUSSION

This chapter discusses the results and discussion regarding the modeling of the Open Unemployment Rate
on Java Island using truncated spline semiparametric regression. The Results and Discussion begin with a
description of the data, followed by the identification of patterns of relationships between variables, model
formulation, evaluation of the obtained model, and interpretation of the resulting model.
4.1. Description of Research Data
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The characteristics of the variables in this study were analyzed using descriptive statistics, including the
mean, standard deviation, minimum value, and maximum value. The purpose of this analysis is to provide an initial
overview of the condition and distribution of the data. The results of the descriptive statistics are shown in Table
2.

Table 2. Descriptive statistics

Variable Mean Standard Deviation Minimum Maximum
Y 5.03 1.80 1.56 9.18
X, 2,961,742.21 1,028,504.30 2,038,005.00 5,343,430.00
X, 9.07 3.72 2.34 20.83
X;3 64,614.02 100,110.46 3,268.50 532,606.90
X, 1,318.73 880.80 28.80 5,682.30
Xs 71.58 4.67 58.13 86.62

Based on Table 2, the average open unemployment rate(Y) on Java Island in 2024 is 5.03% with a
standard deviation of 1.80%. The maximum value is 9.18% in Serang Regency, while the minimum value is 1.56%
in Pacitan Regency. These differences indicate variations in unemployment rates among regencies and cities on
Java Island. The average minimum wage(X,) is Rp2,961,742.21 with a standard deviation of Rp1,028,504.30. The
highest value is in Bekasi City at Rp5,343,430.00 and the lowest in Banjarnegara Regency at Rp2,038,005.00.
These wage differences reflect variations in economic conditions and wage-setting policies across regions on the
island of Java.

Next, the percentage of the poor population variable ((X,). ). This variable has a mean of 9.07% and a
standard deviation of 3.72%. The maximum value for this variable is 20.83% in Sampang Regency, and the
minimum value is 2.34% in Depok City. The significant difference between the maximum and minimum values
indicates that poverty levels across regencies/cities on Java Island are uneven, meaning some areas have a higher
percentage of the poor population compared to others. The GRDP variable(X3) has a mean of Rp64,614.02 billion
with a standard deviation of Rp100,110.46 billion. The highest value was recorded in Central Jakarta at
Rp532,606.90 billion, and the lowest in the Thousand Islands at Rp3,268.50 billion. The vast disparity in GRDP
values indicates significant economic activity gaps between regions, where areas with high economic activity have
significantly larger GRDP values compared to other regions.

The population variable(X,) has an average of 1,318,730 people and a standard deviation of 880,800
people. The maximum value is in Bogor Regency at 5,682,300 people, and the minimum value is in the Thousand
Islands at 28,800 people. The difference between these two values indicates a considerable variation in population
density.Meanwhile, the Labor Force Participation Rate (LFPR) (Xs) averages 71.58% with a standard deviation
of 4.67%. The highest value is found in Pacitan Regency at around 86.62%, and the lowest in South Tangerang
City at around 58.13%. These two values indicate that labor force participation is more evenly distributed
compared to other variables.

4.2. Research Data Preprocessing

Before modeling, the data first undergoes a preprocessing stage. During this stage, the data is checked to
ensure there are no missing or duplicate values, so that the data used is clean and ready for analysis. Next, scaling
is performed. In this study, the variables for the open unemployment rate(Y) , the percentage of the poor
population(X,) , and the Labor Force Participation Rate (LFPR)(Xs) all have the same unit, namely percent.
Meanwhile, the minimum wage variable(X;) is measured in rupiah, GRDP(X5) in billions, and the population
growth rate (X4) is measured in thousands of people. This indicates that these three variables have different units
and a very wide range of values, so a scaling process is necessary to ensure the scale differences between variables
are not too large. The method used is min-max scaling. This method transforms the value of each variable into a
range between 0 and 1.

4.3. ldentifying the Relationship Pattern Between the Dependent and Independent Variables

After scaling, the next step is to determine the appropriate regression method by first identifying the
relationship patterns between the dependent and independent variables through a scatter plot. If the scatter plot
results show a specific pattern, such as a straight line, a parametric approach is more appropriate; whereas if the
scatter plot results show a random distribution pattern, the data is better suited for a nonparametric approach.
Meanwhile, if some data points exhibit a specific relationship pattern while others do not, a semiparametric
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regression is more appropriate to use. Therefore, five scatter plots are presented for each variable to identify the

relationship patterns as the basis for selecting a semiparametric regression, as shown in Figure 1 and Figure 2.
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Figure 1. Relationship between nonparametric independent variables and the Open Unemployment Rate:
(a) Minimum Wage (X, ), (b) Percentage of the Poor Population (X, ), (c) Population Growth Rate (X, ), and (d)
GRDP (X3 ). The Minimum Wage (X; ), Population Growth Rate (X, ), and GRDP (X5 ) variables use scaled data,
while the Percentage of Poor Population (X, ) variable uses raw data.

Figure 1 shows that the relationship between the dependent variable and the unknown independent
variable is unclear. The data points are scattered randomly and do not form a linear pattern or any other specific
pattern. This criterion can be categorized as a nonparametric component within a semiparametric model. Based on
Figure 1(a), the Minimum Wage variable is denoted asz; ; Figure 1(b) shows the Percentage of the Poor Population
denoted asz, ; Figure 1(c) shows the Population Growth Rate asz,, ; and Figure 1(d) shows the GRDP denoted

aszs .

'™ °
L] ®
74 L]
g .
o e
e ‘ v . . °
o L4 °
Fs{ e $° .° oo, *
. . Tt .
41 . L P .'. . e ®
N b L AN
L ]
24 e,
® o o
60 70 75 80
X5_TPAK

Figure 2. Scatter plot between the dependent variable and the parametric independent variables
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Figure 2 shows that the relationship between the open unemployment rate and the Labor Force
Participation Rate (LFPR) follows a linear pattern. Thus, the Labor Force Participation Rate (LFPR) can be
categorized as a parametric component with a linear curve. This variable is denoted byx; .

4.4. Forming a Truncated Spline Semiparametric Regression Model

Modeling of the Open Unemployment Rate on Java was conducted using truncated spline semiparametric
regression by determining the location and number of knot points in several orders. The following is the model of
the truncated spline semiparametric regression.

Vi = Bo + Brxin + Xp=1 Xu=1You Zvi" + Xo=1 21:1 Yom+r (Zvi — Trv)m+ + &

In modeling the Open Unemployment Rate, splines of order 1 (linear) and order 2 (quadratic) were used.
The selection of these orders was based on the consideration that models with lower orders produce simpler
function forms that are easier to interpret. The number of knots used was 1, 2, and 3 to observe the differences.
The number of knots used is limited so that the model is not too complex, remains stable, and does not overfit the
random variations in the data.

4.5. Selection of Optimal Knot Points Based on Minimum CV

Optimal knots are determined based on the minimum Cross-Validation (CV) value. Knot selection is
performed using a grid search approach based on the data range of each variable. This data range is then divided
into several candidate knot points, which serve as potential positions for the “” knots in the truncated spline model.
Subsequently, each combination of order and number of knot points is tested iteratively to generate multiple
models with different knot positions. After obtaining the minimum CV value for each combination of order and
number of knot points, a comparison of the CV values was performed to select the best model with the minimum
CV value, as shown in Table 3.

Table 3. Optimal knot point results

Number Knot
Order of z Z, Z3 Z, Ccv
Knots
1 0.100747 6.300000 0.113850 0.301197 1,008026
0.082727 3.869627 0.083794 0.097919
. 2 0.160 5.29840 0.160977 0.173912 0.994062
: 0.082727 3.860627 0.083794 0.097919
3 0.160 5.208400 0.160977 0.173912 1.010657
0.225385 6.507362 0.226285 0.238213
1 0.082727 3.860627 0.083794 0.097919 1.041779
0.082727 3.869627 0.083794 0.097919
) 2 0.160 5.208400 0.160977 0.173912 1.106848
: 0.175455 5.584155 0.176413 0.189110
3 0.245 6.870050 0.245878 0.257504 1.051871
0.303846 7.958115 0.304656 0.315375

Table 3 shows that the optimal knot has a minimum CV value of 0.994062. This CV value is located in
the 7th column and the 2nd row. The best model was obtained at the first order with two knots. The optimal knot
values for each variable are 0.082727 and 0.160 for the minimum wage variable, 3.869627 and 5.298400 for the
percentage of the poor population variable, 0.083794 and 0.160977 for the GRDP variable, and 0.097919 and
0.173912 for the population growth rate variable. Based on the optimal knots in Table 3, a first-order truncated
spline semiparametric regression model with two knots is obtained, which can be written as

Y, = Bo + Buxis + V1121t + V12 (21 — 0’082727)1+ + ¥1,3(21; — 0'160)1+ + V2122
+ ¥2,2(22; — 3,869627)", +V23(25; — 5,29840)", + ¥3123;" + ¥32(25; — 0,083794)"
+¥33(23i — 0,160977)", + Va1Z4;" + Va2(Za; — 0,097919)', + y43(zs; — 0,173912)",

4.6. Parameter Estimation

After obtaining the truncated spline semiparametric regression model based on the knot points, parameter
estimation was then performed to obtain the coefficient values for each variable in the model. Model parameter
estimation was obtained using the OLS method. The parameter estimation results are shown in Table 4.
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Table 4. Parameter estimation results

Variable Parameter Estimation Variable Parameter Estimates
Bo 12,78326 2z, V23 0,17263
X, By —0,24386 V31 4,42145
Y11 —1,22101 Z3 V32 —24,13899
Zy Y12 8,54109 Y33 18,73397
Y13 —5,72423 Va1 4,03033
Va1 2,34664 Z4 Va2 —1,42821
%2 Yoz ~2,53803 Vas —0,13461

Table 4 shows the parameter estimates for the best truncated spline semiparametric regression model.
Based on these estimates, the model can be written as
9, = 12,78326 — 0,24386x;; — 1,22101z,;* + 8,54109(z,; — 0,082727)*,
— 5,72423(z;; — 0,160)*, + 2,346642,;" — 2,53803(2,; — 3,869627)",
+0,17263(zy; — 5,29840)", + 4,4214525;" — 24,13899(25; — 0,083794)* , (5)
+18,73397(z3; — 0,160977)*, + 4,03033z,;" — 1,42821(z,; — 0,097919)*,
—0,13461(zy; — 0,173912)*,,  i=12,..,n

4.7. Model Evaluation Based on MAE, MAPE, and Coefficient of Determination

After obtaining the best truncated spline semiparametric regression model, the model was evaluated using
the Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination
((R?) ). The tests were conducted on the training data to assess the model’s fit to the data, and on the testing data
to measure its predictive ability for new data. Additionally, a comparison was made with the multiple linear
regression model as a benchmark to assess the performance of the truncated semiparametric spline regression

model () compared to a simpler regression model. The model evaluation results are shown in Table 5.
able 5. Model evaluation results

Model Dataset MAE MAPE R?
Multiple Linear Regression Training Data 0.966729 22.20%  55%
Test Data 0.942104 18.89% 48.41
Truncated spline semiparametric regression Training Data 084332~ 19.63% 6366
Test Data 0.964139  21.29%  48.88

Based on Table 5, the multiple linear regression model and the truncated spline semiparametric regression
model produce relatively similar performance. On the training data, the truncated spline semiparametric regression
model produced smaller MAE and MAPE values and a higher coefficient of determination ((R?) ) compared to
multiple linear regression. Meanwhile, on the testing data, multiple linear regression produced slightly smaller
MAE and MAPE values, while the truncated spline semiparametric regression model produced slightly higher
values.

For the truncated spline semiparametric regression model, the MAE value on the training data was
0.84332 and on the testing data was 0.964139. These values indicate that the model’s average prediction error is
relatively small and does not show a significant increase on the testing data. The MAPE value on the training data,
19.63%, indicates that the model’s predictive capability is considered good as it is below 20%, while the MAPE
value on the testing data, 21.29%, indicates that the model’s predictive capability is still considered fairly good.

The coefficient of determination ((R?) ) for the training data is 63.66%, indicating that the model is
capable of explaining most of the variation in the Open Unemployment Rate. Meanwhile, the R-squared value
((R?%) ) for the testing data is 48.88%, indicating that the model can still explain the variation in the testing data,
although its explanatory power is lower compared to the training data. The relatively small difference in evaluation
values between the training and testing data suggests that the model does not exhibit excessive overfitting and can
still be used for predictive purposes.

4.8. Visual Evaluation of the Model

To gain a deeper understanding of the model’s performance evaluation, a visual analysis was conducted
by comparing the actual and predicted values of the open unemployment rate using the testing data. This approach
aims to provide a clearer picture of the model’s ability to capture the observed data patterns. Figure 3 shows a
visual comparison of the actual and predicted values.

963

IN-COME: International Conference on Multidisciplinary Engagement



istInternational Conference on Multidisciplinary Engagement

S ——— mctual
Predicted

LV \ f CANL

(] =3 10 1is 20
Observation Index

Open Unemployment Rate

Figure 3. Actual vs. Predicted Values of the Open Unemployment Rate (Testing Data)

Figure 3 shows that the predicted values generally follow the pattern of the actual values at each
observation. This indicates that the truncated spline semiparametric regression model is capable of capturing the
main trends in the data. Although there are some differences between the actual and predicted values at certain
observation points, the resulting discrepancies are relatively small and do not form a specific pattern. This indicates
that the model does not exhibit significant bias and possesses adequate predictive capability for data not previously
used in the modeling process. Furthermore, the alignment between actual and predicted values is supported by the
results of the previous model evaluation, which showed relatively small error values. Therefore, the obtained
model can be considered sufficiently capable of representing the relationship between the open unemployment
rate and the variables influencing it.

Model Interpretation

The next step is to interpret the influence of each independent variable on the dependent variable based
on the obtained truncated spline semiparametric regression model. The interpretation is based on the scaled data
so that the intervals formed for each variable correspond to the intervals in the transformed data.

3.10.1. The Effect of Labor Force Participation Rate (LFPR) on the Open Unemployment Rate

Based on the parameter estimation results, the effect of the Labor Force Participation Rate (LFPR) on the

open unemployment rate can be expressed through the equation
¥y, = 12,78326 — 0,24386x;,. (6)

The results of equation (6) yield a coefficient for the Labor Force Participation Rate (LFPR) of —0.24386,
indicating that the relationship between the Labor Force Participation Rate (LFPR) and the Open Unemployment
Rate is negative. This value indicates that every one-percent increase in the Labor Force Participation Rate (LFPR)
tends to be followed by a 0.24386, 0.24386, 0.24386 percent decrease in the Open Unemployment Rate. Thus, the
higher the Labor Force Participation Rate (LFPR), the lower the Open Unemployment Rate tends to be.

3.10.2. The Effect of the Minimum Wage on the Open Unemployment Rate

Based on the obtained truncated spline semiparametric regression model, the effect of the Minimum
Wage variable on the open unemployment rate is modeled through a nonparametric component using a truncated
spline function. The form of this relationship can be expressed through the equation

—1,22101 z;; , z;; < —0,08727
y, ={—0,70657875243 + 7,3208z;4, —0,08727 < z;; < —0,160
0,20929804757 + 1,59585z;;,, z; = —0,160.

The model interpretation results indicate that when the Minimum Wage value is less than —0.08727, the
relationship between the Minimum Wage and the Open Unemployment Rate is negative. This indicates that every
one-unit increase in the Minimum Wage tends to be followed by a decrease in the Open Unemployment Rate of
1.22101. Furthermore, when the Minimum Wage falls within the intervals—0,08727 and—0,160 , the relationship
formed is positive. This condition indicates that every one-unit increase in the Minimum Wage tends to be followed
by an increase in the Open Unemployment Rate of 7.3208. Finally, when the minimum wage is greater than or
equal t0—0,160 , the relationship between the Minimum Wage and the Open Unemployment Rate remains
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positive. This indicates that every one-unit increase in the Minimum Wage tends to be followed by an increase in
the Open Unemployment Rate of 1.59585.

4.8.3. The Effect of the Percentage of the Poor Population on the Open Unemployment Rate

Based on the obtained truncated spline semiparametric regression model, the effect of the Percentage of
the Poor Population variable on the Open Unemployment Rate is modeled through a nonparametric component
using a truncated spline function. The form of this relationship can be expressed through the equation

—3,869627 z;,, z;; < —3,869627
¥y, =19,821294148 — 0,19139 z;,, —3,869627 < z;, < —5,29840
8,90656132451 — 0,018759 z;,, 2, = —5,29840.

The model interpretation results indicate that the relationship between the Percentage of the Poor Population and
the Open Unemployment Rate varies across intervals. When the value of the Percentage of the Poor Population is
less than -3.869627, the relationship is negative. This suggests that an increase in the Percentage of the Poor
Population tends to be followed by a decrease in the Open Unemployment Rate. Meanwhile, when the value of
the Percentage of the Poor Population is between -5.29840 and less than or equal to -3.869627, the relationship
between the two variables remains negative. This condition indicates that an increase in the Percentage of the Poor
Population is still followed by a decrease in the Open Unemployment Rate, but with a smaller effect compared to
the previous interval. Finally, when the value of the Percentage of the Poor Population is greater than or equal to
-5.29840, the relationship formed is also negative. However, the effect is smaller than in the previous two intervals,
so changes in the Percentage of the Poor Population within that range tend to be followed by smaller changes in
the Open Unemployment Rate.

3.10.3. The Effect of GRDP on the Open Unemployment Rate

Based on the obtained truncated spline semiparametric regression model, the effect of the GRDP variable
on the open unemployment rate is modeled through a nonparametric component using a truncated spline function.
The form of this relationship can be expressed through the equation

—4,421452;5, z;; < —0,083794
5, =12,02270252806 — 19,71754 z;;,  —0,083794 < z;; < —0,169077
—0,99303576063 — 0,98357 z;3, ziz = —0,169077.

When the GRDP value is less than —0.083794, the relationship between GRDP and the Open Unemployment Rate
is negative. This indicates that every increase in GRDP tends to be followed by a decrease in the Open
Unemployment Rate. In the next interval, when the PDRB value is between —0.169077 and —0.083794, the
relationship between PDRB and the Open Unemployment Rate is also negative. This condition indicates that an
increase in PDRB is still followed by a decrease in the Open Unemployment Rate, with a greater effect compared
to the previous interval. Finally, when the GRDP value is greater than or equal to —0.169077, the relationship
remains negative. These three intervals collectively indicate that an increase in GRDP tends to be followed by a
decrease in the Open Unemployment Rate.

3.10.4. The Effect of Population Growth Rate on the Open Unemployment Rate
Based on the truncated spline semiparametric regression model obtained, the effect of the Population
Growth Rate variable on the Open Unemployment Rate is modeled through a nonparametric component using a
truncated spline function. The form of this relationship can be expressed by the equation
4,03033z;,, z, < —0,097919
v, =40,1398449037811 + 2,060212 z;,, —0,097919 < z;, < —0,173912
0,163257593011 + 2,4866 z,,, ziy = —0,173912.
When the Population Growth Rate is less than —0.097919, the relationship between the Population Growth Rate
and the Open Unemployment Rate is positive with a coefficient of 4.03033. This indicates that every one-unit
increase in the Population Growth Rate tends to be followed by an increase in the Open Unemployment Rate of
4.03033. Furthermore, when the Population Growth Rate is between —0.173912 and —0.097919, the relationship
formed is also positive. This condition indicates that an increase in the Population Growth Rate is still followed
by an increase in the Open Unemployment Rate, but with a smaller effect compared to the previous interval.
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Finally, when the Population Growth Rate is greater than or equal to —0.173912, the relationship remains positive.
This indicates that an increase in the Population Growth Rate tends to be followed by an increase in the Open
Unemployment Rate.

5. CONCLUSION

Based on the research results, the open unemployment rate on Java Island can be modeled using truncated
spline semiparametric regression as shown in equation (5). The best model was obtained at the first order with two
knot points selected based on the minimum Cross Validation (CV) value. The CV value obtained was 0.994062.
In this model, the Labor Force Participation Rate (LFPR) variable was modeled parametrically (linearly), while
the Minimum Wage, Percentage of the Poor Population, GRDP, and Population Growth Rate variables were
modeled nonparametrically using a truncated spline. The evaluation results indicate that the model possesses fairly
good predictive capability, as reflected by relatively low error values and consistent performance between the
training and testing datasets. Additionally, visual evaluation shows that the predicted values follow the pattern of
the observed data, indicating that the model captures the underlying data structure fairly well.

The research findings also indicate that the open unemployment rate on Java Island is associated with
several socioeconomic factors, such as Labor Force Participation Rate (LFPR), Minimum Wage, Poverty Rate,
GRDP, and Population Growth Rate. These results indicate that efforts to reduce the unemployment rate are not
only related to job creation but also require policies that support increased labor force participation, improved
economic conditions for the community, and more equitable regional economic growth. Therefore, integrated
development policies that combine increased employment opportunities, poverty alleviation, and the strengthening
of regional economic activities are crucial in efforts to reduce the open unemployment rate on Java Island.

This study still has several limitations, including the absence of outlier detection in the data and further
exploration of higher-order polynomials or a greater number of knot points. The study also did not conduct further
examination of residual assumptions, such as heteroscedasticity or the influence of extreme observations; thus,
these aspects could serve as areas for development in future research. Therefore, future research may consider
using other methods, such as spline smoothing, to compare model performance in capturing nonlinear relationship
patterns in the data. Additionally, further examination of residual assumptions is necessary to ensure that the
resulting model provides better estimation and prediction results.
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