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Abstract

Open Unemployment Rate (OUR) is a crucial indicator of the condition of the job market and
the economy in Indonesia. This research is to modeling and analyzes the impact of GRDP and
the percentage of poor population to the OUR in Indonesia using nonparametric B-Spline
regression. The study applied B-Spline model due to the model’s property of handling non-linear
associations without imposing any distributional assumptions. The research a used secondary
data sourced from BPS Indonesia in 2024, which included 38 provinces in Indonesia. The
analysis outcomes show that optimal model is achieved when the order was set at 2 for both
GRDP and the percentage of poor population with one knot set at GRDP (1.055) and two knots
set at the percentage of poor population (6.813333 and 11.583333) which gave a minimum GCV
produced at 1.577369. The model’s coefficient of determination value of 0.7454 indicates that
the model can explain 74.54% of the variation in the OUR is explained by GRDP and the
percentage of poor population, with the remaining 25.46% is impacted by factors beyond the
model.

Keywords: GRDP, Nonparametric B-Spline Regression, Open Unemployment Rate,
The Percentage of Poor Population.

1. INTRODUCTION

Unemployment is on of the crucial problems that continues to impede Indonesia’s economic
growth. In addition, the issue remains a significant factor in the social stability of the state.
According to Muhgni et al., (2020), the higher the unemployment rates, the greater the chances of
criminal behavior. Unemployment can be described as individuals in the labor force but not yet in
the job although actively searching for it [13]. The economic indicator used to measure the
unemployment rate is known as the Open Unemployment Rate (OUR), it refers to the percentage of
individuals but who are currently unemployed but available for work out of the total labor force [4].
The unemployment rate represents a socio-economic issue in both developed and developing
countries, as the OUR determines a country’s standard of living. The level of the OUR in Indonesia
as of August 2024 was recorded at 4.91% [5], which remains much lower compared to the target set
by the government, set at 4% [10]. The unemployment level not only shows the correlation between
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the workforce availability and job oppurtunities in the labor market but also the level of poverty,
income inequality, and the stability of the economy.

In order to minimize Indonesia’s unemployment rate, it is important to examine any factors that
determine the OUR, including the Gross Regional Domestic Product (GRDP) and the percentage of
poor population. GRDP is a macroeconomic indicator that is closely related to the OUR because it
represents the total value added generated by different economic sectors within an area [15].
Meanwhile, the percentage of the poor population demonstrates socio-economic disparites by
refelcting the proportion of people whose average monthly per capita expenditure is less than the
poverty levels.

According to Azizah et al., (2023), the OUR, GRDP, and the percentage of poor population are
interrelated, with a higher GRDP tending to reduce the percentage of poor population due to
increased employment opportunities and income, while a higher unemployment rate may lead to
greater poverty because it reduces income and increases the risk of impoverishment. To examine the
relationship between two or more variables, regression analysis can be employed. Nonparamteric
regression is a sort of regressions analysis that does not require explicit assumptions, it provides
greater flexibility because its regression curve can adjust to data that does not follow a spesific
pattern [2]. The B-Spline serves as the basis function for one of the nonparametric regression
approaches, namely the spline estimator.

The B-Spline model overcomes the restrictions of truncated basis functions by allowing for
greater orders, a large number of knot points, or tighter intervals [12]. Several previous studies have
shown that the B-Spline model is capable of representing nonlinear patterns without requiring
specific functional form assumptions and that it can effectively handle data patterns that fluctuate
sharply—either increasing or decreasing—that parametric methods cannot address, as well as data
with smooth characteristics [19]. Nasir et al., (2024) discovered that the B-Spline model provides a
more accurate and flexible representation than conventional regression, providing deeper insights
into the interplay of factors affecting poverty.

Several prior research have examined the correlation between the OUR and other social
indicators. The research by Amaliah et al., (2025), used the B-Spline to analyzed the OUR based on
social indicators in Bangka Belitung Province, found that the Gross Enrollment Rate for Senior High
School and the Poverty Depth Index significantly influenced the OUR. In addition, Erlangga (2019)
examine the correlation between the OUR in Indonesia in 2017, indicating that GRDP and the
Provincial Minimum Wage (PMW), significantly that both GRDP and PMW had a significant effect
on the OUR using nonparametric B-Spline regression. Another study conducted by Wijaya (2018)
in Aceh Province using truncated spline nonparametric regression showed that the Labor Force
Participation Rate (LFPR) and the percentage of the poor population significantly affected the OUR.

The OUR, GRDP, and the percentage of the poor population have a linear correlation, especially
when considering the region in Indonesia that has economically recovered in an unequal manner.
accordingly, the purpose of this research is to modeling and examine the effect of GRDP and the
percentage of the poor population on the OUR in Indonesia using nonparametric B-Spline
regression. The result of this research shall serve as important for government concerning the
formulation of strategies in promoting economic develpments that address unemployment issues
effectively.

2. MATERIAL AND METHODS
2.1 Types and Sources of Data

This research utilizes secondary data type, sourced from publications by Statistics Indonesia
(BPS) in 2024 and 2025. The Open Unemployment Rate (OUR) is the dependent variable in this
research, with the Gross Regional Domestic Product (GRDP) and the percentage of the poor
population as independent variables.
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2.2 Nonparametric Regression

Nonparametric regression is a method in regression analysis for modeling data patterns that do
not follow a specific pattern [9]. Nonparametric regression is an alternative to parametric regression
that does not impose rigid assumptions. The function in nonparametric regression is considered to
be smooth within a certain function. The nonparametric regression equation is the following [11]:

yi=fo) +e, i=123,.,n 2.1)

2.3 B-Spline Regression

The B-Spline model has criteria that need to be considered, such as determining the order, the
total of knots, and the knots placements. The optimal B-Spline model is determined by the minimum
Generalized Cross Validation (GCV) value [19]. Using an order m B-Spline function with k knots,
the nonparametric regression model has the following equation [2]:

P m+k

Yi = 2 2 BrjB(j-m)m(xni) + & t=123..n (22)

h=1 j=1

To create an m order B-Spline function with knot points , where a < u; < u, < -+ <u, < b,
the first step is to define additional knots totaling 2 m, given by:

U_m-1) < <U_q <Uy < < Uam) (2.3)

where u_gp_1y = - =ug = a and uyyq =+ = Uyyy = b. Usually, a is taken as the minimum
value of x, and b as the maximum value of x [6].

According to Ariesta et al., (2021), a recursive B-Spline function with order m at the k knot
point can be defined as j = —(m — 1), ..., k, and the B-Spline basis function is expressed as follows:

ifu<x<ujy,

B0 = () = { )

, elsewhere

The degree or order of a B-Spline is denoted by m. The types of B-Spline basis functions
categorized based on the order m are divided into three types [14]:
a. Fororder m = 2, the B-Spline basis function is linear and defined as follows:
X — U Ujp2 — X .
——B;; () + <1 - —) Bjy11(x) inj=-1,..,k (2.5)

]

b. For order m = 3, the B-Spline basis function is quadratic and defined as follows:
B () =Y p (x)+<1_M)B @ =2k @6
)3 Uy — Y )2 Uitz —Ujs1 j+1,2 ) ey .

c. Fororder m = 4, the B-Spline basis function is cubic and defined as follows:

X —U; Uity — X o
Bj4(x) = u—]u'Bjjg(X) + <1 — H—) Bii13(x) inj=-3,..,k (2.7)

j+3 — Uj Ujpg — Ujgq
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2.4 Parameter Estimation of B-Spline Model
The B-Spline model in equation (2.2) can be written as follows :

Vi = B11Ba-mym(*1:) + B12Ba—mym (x1:) + - + Brom+i) Bieom (1) + - (2.8)
+ ﬁplB(l—m),m(xpi) + ﬁsz(Z—m),m(xpi) + -+ Bp(m+k)Bk,m(xpi) + &

The B-Spline model in equation (2.8) can be expressed in matrix form [14]:

V1 B(l—m),m(xll) Bk,m(xll) B(l—m),m(xpl) Bk,m(xpl)
y.z — B(l—m),m(xlz) Bk,m(xlz) B(l—m),m(xpz) Bk,m(xpz)
Yn lB(l—m),m(xln) o Brm(x1n) o B(l—m),m(xpn) Bk,m(xpn)J
ﬂll
Pax (29)
) £
Bomsion| |}
. 2
: + :
Bo | e
Bzp
Bpm+k).

can be written as:
y=Bf+¢ (2.10)

The least squares spline method is used to derive the parameter estimate B;. The estimator j, is
derived through through the minimization of the Residual Sum of Squares (RSS), resulting in the
following expression:

g =(BTB) BTy (2.11)

Thus, the estimated model for B-Spline function in nonparametric regression is expressed as
follows [2]:

y =Bp
= B((B"B)'B"y)
= B(8"B) By
= Sy
where the matrix Sy = B(BTB)*BTis symmetric (Eubank, 1999, as cited in [2]). The B-Spline
model estimation can be written as follows [12]:

m+

P m+k
yi = Z Z Br;iBj—m)m(xni) (2.13)
h=1

j=1
The equation can be defined as:

(2.12)
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Vi = .éllB(l—m),m(xli) + ElzB(Z—m),m(xli) + ot ﬁl(m+k)Bk,m(x1i) +oe + BplB(l—m),m(xpi)
+ BpZB(Z—m),m(xpi) + -t .Bp(m+k)Bk,m(xpi)

2.5 Selection of Optimal Knots

The optimal B-Spline model is determined based on knot points corresponding to the lowest
GCV value. A lower GCV value achieved during the computation process shows that B-Spline
model with the chosen knot points configuration produces the best model perfomance. The formula
for computing the GCV value is expressed as follows [17]:

MSE ()
(n~trace[l — S;])?
where n represents the number of observations, I is an n X n matrix, and S; = B, (BS B;)™'BY.

GCV(A) =

(2.15)

2.6 Coefficient of Determination

The coefficient of determination (R?) measures how well the independent variables explains the
variation in the dependent variable in the model. The higher the R? value, or the closer it is to 1, the
better the independent variables are at explaining the variability of the dependent variable [17]. The
R? helps evaluate the model’s effectiveness in representing the correlation among the variables and
indicates how accurately the model can predict outcomes. The coefficient of determination can be
calculated using the following formula (Sembiring, 2003) as cited in [2]:

SSR SSE L i = 9)?
_SSR S Lm0 T ) (2.16)
SST SST > i =y

RZ
3. RESULTS AND DISCUSSION
3.1 Data Exploration
This study employs nonparametric B-Spline regression to analyze the OUR (Y) in Indonesia
based on GRDP (X:) and the percentage of the poor population (Xz), consisting of 38 observations.
Table 3.1 shows the descriptive statistics for each variable.

Table 3. 1. Descriptive statistics of variables

Variable Mean Min Max
Y 4.38 1.32 6.75
X1 2.63 0.12 16.71
X2 11.15 4 32.97

Based on Table 3.1, the OUR across Indonesian provinces in 2024 averages 4.38%, with the
lowest rate recorded in Papua Pegunungan Province at 1.32% and the highest in West Java Province
at 6.75%. The GRDP in Indonesia during the same year averages 2.63%, ranging from 0.12% in
Papua Pegunungan Province to 16.71% in DKI Jakarta. Meanwhile, the percentage of the poor
population across 38 provinces averages 11.15%, with the lowest in Bali Province at 4% and the
highest in Papua Pegunungan Province at 32.97%.

The pattern of the correlation between the OUR and both GRDP and the percentage of the poor
population in Indonesia in 2024 is illustrated through a scatter plot, as presented in Figure 3.1.
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Figure 3. 1. (a) Plot of the correlation between the OUR and GRDP, (b) Plot of the correlation
between the OUR and the percentage of the poor population.

Figure 3.1 show that the plot does not exhibit a specific pattern, indicating that applying a
parametric regression analysis would face challenges in meeting the linearity assumption. Therefore,
the data are analyzed using a nonparametric regression approach, which does not require assumption
testing in its application. In this study, the nonparametric approach employed is the B-spline method.

3.2 Optimal Knot Points

Nonparametric B-Spline regression analysis involves three important aspects in model
construction: the selection of the spline order, the number of knots, and the placements of those
knots. In this study, spline order ranging from 2 to 4 were considered, following de Boor (2001),
who noted that low-order splines are computationally stable and practically effective for modeling.
This choice is also consistent with Ruppert et al., (2003), who recommended using low-degree
splines—typically linear to cubic (1-4)—because model flexibility is primarily governed by knot
placement rather than spline order. To generate variations in spline order and number of knots, the
number of knots points used for each combination of spline orders across the independent variable
consists of one knot, two knots, and a combination of one and two knots. This strategy allows the
model to capture different levels of smoothness across predictors, depending on the complexity of
their relationships with the response variable. The selection of optimal knot points is carried out to
obtain the best B-spline model estimation. An optimal B-spline model is achieved by determining
the number and placement of knots across several spline order, the optimal knots points will be
selected based on the smallest GCV value.

The knot points and GCV values for each combination of order and number of knots are
presented in Table 3.2 through Table 3.6. All numerical calculations were obtained using R Studio,
which applied the formulations in equations (2.3), (2.5), (2.6), (2.7) and (2.15). this process produced
the optimal knot points configuration along with the corresponding GCV values in the analysis.

Table 3. 2. GCV and knot points for one knot in X1 and one knot in X2

N Knot Points
Combination of Order <1 2 GCV
2 2 1.055 10.13 2.170908
2 3 1.055 10.13 1.874362
2 4 1.055 10.13 1.677202
3 2 1.055 10.13 2.312293
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L Knot Points
Combination of Order <1 2 GCV
3 3 1.055 10.13 1.949063
3 4 1.055 10.13 1.792816
4 2 1.055 10.13 2.480075
4 3 1.055 10.13 2.076878
4 4 1.055 10.13 1.926409

Table 3.2, which presents the results for one knot in X1 and one knot in X2, shows that the
smallest GCV value produces the optimal B-Spline model, where when X1 is order 2 and X2 is
order 4, the lowest GCV value of 1.677202 in Table 3.2 is achieved with the knot point of X1 =
1.055 and X2 = 10.13.

Table 3. 3. GCV and knot points for one knot in X1 and two knots in X2.
Knot Points

Combination of Order <1 2 GCV
2 2 1.055 6.813333 11.58333 1.577369
2 3 1.055 6.813333 11.58333 1.720722
2 4 1.055 6.813333 11.58333 1.738438
3 2 1.055 6.813333 11.58333 1.67065
3 3 1.055 6.813333 11.58333 1.823322
3 4 1.055 6.813333 11.58333 1.865669
4 2 1.055 6.813333 11.58333 1.782745
4 3 1.055 6.813333 11.58333 1.946855
4 4 1.055 6.813333 11.58333 2.006569

Based on Table 3.3, for one knot in X1 and two knots in X2, it is found that when X1 is of order
2 and X2 is of order 2, with the knot point of X1 located at 1.055 and the knot points of X2 located
at 6.813333 and 11.583333, the lowest GCV value obtained is 1.577369, indicating that the optimal
knot combination occurs at these points.

Table 3. 4. GCV and knot points for two knots in X1 and one knots in X2
Knot Points

Combination of Order X1 X2 GCV
2 2 0.71 1.57 10.13 2.311798
2 3 0.71 1.57 10.13 1.892361
2 4 0.71 1.57 10.13 1.743715
3 2 0.71 1.57 10.13 2.479763
3 3 0.71 1.57 10.13 2.06574
3 4 0.71 1.57 10.13 1.907029
4 2 0.71 1.57 10.13 2.651183
4 3 0.71 1.57 10.13 2.238756
4 4 0.71 1.57 10.13 2.075682

Based on Table 3.4, for two knots in X1 and one knot in X2, the lowest GCV value is 1.743715,
indicating that the optimal knot combination occurs when X1 is of order 2 and X2 is of order 4, with
the knot points of X1 at 0.71 and 1.57 and the knot point of X2 at 10.13.
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Table 3. 5. GCV and knot points for two knots in X1 and two knots in X2

o Knot Points
Combination of Order X1 X2 GCV
2 2 0.71 1.57 6.813333 11.58333 1.612069
2 3 0.71 1.57 6.813333 11.58333 1.749042
2 4 0.71 1.57 6.813333 11.58333 1.795134
3 2 0.71 1.57 6.813333 11.58333 1.76194
3 3 0.71 1.57 6.813333 11.58333 1.920557
3 4 0.71 1.57 6.813333 11.58333 1.97614
4 2 0.71 1.57 6.813333 11.58333 1.917029
4 3 0.71 1.57 6.813333 11.58333 2.099123
4 4 0.71 1.57 6.813333 11.58333 2.16725

Based on Table 3.5, for two knots in X1 and two knots in X2, the lowest GCV value obtained
is 1.612069. This indicates that the optimal knot combination occurs when X1 is of order 2 and X2
is of order 2, with the knot points of X1 at 0.71 and 1.57 and the knot points of X2 at 6.813333 and
11.583333.

3.3 Optimal B-Spline Model

The optimal B-Spline model is conducted based on pairs of order and knot points that have
minimum GCV value. Table 3.6 presents the minimum GCV values for each combination of the
number of knot points for each variable.

Table 3. 6. Minimum GCV values for each combination of order and knot points
Knot Points

Combination of Order X1 X2 GCV
2 4 1.055 10.13 1.677202
2 2 1.055 6.813333 11.58333 1.577369
2 4 0.71 1.57 10.13 1.743715
2 2 0.71 1.57 6.813333 11.58333 1.612069

According to Table 3.6, the minimum GCV of 1.577369 is obtained when both X1 and X2 are
of order 2, with one knot for X1 at point 1.055 and two knots for X2 at point 6.813333 and
11.583333. The estimated B-Spline model based on equation (2.8), representing the optimal fit based
on the minimum GCV, is given by the following equation:

Vi = B11B-12(x1i) + B12Bo2 (1) + B13B1,2(X17) + B21B_12(x2;) + B22Bo 2 (x2:) (3.1)
+ f23B1,2(x2i) + B24B22(x2;)

3.4 B-Spline Model Parameter Estimation

Based on the estimated B-Spline model in equation (3.1), the parameter estimates of the model
derived from equation (2.12) were obtained using R Studio as follows:

Table 3. 7. Parameter estimates of the best B-Spline model

Variable Parameter Parameter Estimates
B11 -0.1928
X1 B2 2.0639
B3 2.0536

X2 B21 2.7257
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Bos -0.7169
Bos 4.1793
324 '20534

The following is an expression for the best B-Spline model's estimated results:

9; = —0.1928B_1 , (x1;) + 2.0639By 5 (x1;) + 2.0536B; 5 (x1;) + 2.7257B_1 5 (%)
+ (—0.7169)By 5 (x5;) + 4.1793B, 5(x5;) + (—2.0534)B; 5 (x5;)

Based on the obtained model, the R? value is 0.7454, shows that 74.54% of the variation in
Indonesia’s Open Unemployment Rate across provinces in 2024 can be explained by GRDP and the
percentage of the poor population, while the remaining 25.46% is impacted by other variables
beyond the model. This indicates that the B-Spline model used is quite robust and representative in
describing the correlation between GRDP and the percentage of poor population to the OUR.

3.5 Evaluation of Predicted Results Against Actual Data

The comparison of predicted outcomes with actual data is conducted to evaluate how accurately
the nonparametric B-Spline model predicting the Open Unemployment Rate (OUR) based on GRDP
and the percentage of the poor population. This evaluation allows for an understanding of how well
the model captures the true correlation patterns among the variables in the observed data.

Table 3. 8. Actual and predicted OUR values in Indonesia

Provinsi Actual Data Predicted Data Residual
Aceh 5.75 4.20 1.55
Sumatera Utara 5.6 473 0.87
Sumatera Barat 5.75 5.16 0.59
Riau 3.7 5.70 -2.00
Jambi 4.48 4.49 -0.01
Sumatera Selatan 3.86 3.68 0.18
Bengkulu 3.11 3.98 -0.87
Lampung 4.19 3.43 0.76
Kep. Bangka Belitung 4.63 4.06 0.57
Kep. Riau 6.39 5.03 1.36
DKI Jakarta 6.21 5.84 0.37
Jawa Barat 6.75 6.09 0.66
Jawa Tengah 4.78 4.61 0.17
DI Yogyakarta 3.48 3.12 0.36
Jawa Timur 4.19 5.19 -1.00
Banten 6.68 5.75 0.93
Bali 1.79 3.26 -1.47
Nusa Tenggara Barat 2.73 3.77 -1.04
Nusa Tenggara Timur 3.02 4.87 -1.85
Kalimantan Barat 4.86 5.04 -0.18
Kalimantan Tengah 4.01 4,75 -0.74

Kalimantan Selatan 4.2 3.46 0.74
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Kalimantan Timur 5.14 5.73 -0.59
Kalimantan Utara 3.9 491 -1.01
Sulawesi Utara 5.85 4.22 1.63
Sulawesi Tengah 2.94 3.60 -0.66
Sulawesi Selatan 4.19 4.24 -0.05
Sulawesi Tenggara 3.09 3.20 -0.11
Gorontalo 3.13 4.30 -1.17
Sulawesi Barat 2.68 3.24 -0.56
Maluku 6.11 4.59 1.52
Maluku Utara 4.03 4.93 -0.90
Papua Barat 4.13 4.85 -0.72
Papua Barat Daya 6.48 4.90 1.58
Papua 6.48 4,74 1.74
Papua Selatan 4.05 4.84 -0.79
Papua Tengah 2.75 2.72 0.03
Papua Pegunungan 1.32 1.19 0.13

The comparison between the predicted estimates OUR and the actual OUR data is illustrated in
the following curve.

Aktual
© — .
" Prediksi

Prediksi
4
|

Provinsi
Figure 3. 2. Plot of predicted and actual data

According to Figure 3.2, the black line represents the actual OUR data, while the red dashed
line represents the predicted OUR data. In general, the predicted curve follows the overall pattern
of the observed data, although discrepancies between the observed and predicted values are present
at several points. These deviations indicate that the predicted values do not exactly coincide with
the observed data, particularly at certain levels of OUR. Furthermore, Table 3.8 shows that the
residuals do not exhibit a systematic pattern and are randomly distributed around zero, suggesting
that the model adequately captures the fluctuating behavior of the OUR data. Therefore, the B-spline
regression model, supported by an appropriate selection of spline order and knot placement, provides
a satisfactory fit to the data.
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4. CONCLUSION AND RECOMMENDATION

Based on the analysis of the correlation between GRDP and the percentage of the poor
population on the OUR of provinces in Indonesia in 2024, it was concluded that the optimal number
and placement of knots based on the minimum GCV value of 1,577369, for one knot for GRDP
located at 1,055 and two knots for the percentage of the poor population located at 6,813333 and
11,583333, both with an order of 2. The resulting model equation is as follows:

9; = —0.1928B_, ,(x1) + 2.0639B,, (x;) + 2.0536B; 5(x1) + 2.7257B_; 5 (x,)
+ (—0.7169) By »(x,) + 4.1793B; ,(x;) + (—2.0534)B; , (x,)

Based on the B-Spline modeling results, considering the number and placement of knots for
each variable and the model order, the coefficient of determination (R?) is 74.54%, indicating that
GRDP and the percentage of the poor population significantly influence the OUR of provinces in
Indonesia in 2024. This method serves as a reference and consideration for identifying factors that
affect OUR in Indonesia. For future research, it is recommended to include other social indicators
beyond GRDP and the percentage of the poor population to better identify factors that may have a
greater impact on OUR in Indonesia.
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