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Abstract: Random blood glucose and age can influence the increase in systolic blood pressure in patients with type 2 

diabetes mellitus. The data pattern forms a random pattern, so the modeling uses multivariable kernel nonparametric 

regression. This study uses the Nadaraya-Watson estimator because the calculation is simpler and uses the Gaussian 

kernel function with bandwidth optimization methods are Generalized Cross-Validation (GCV) and Unbiased Risk 

(UBR). The model with GCV optimization obtained an R2 of 99.9713%, while the model with UBR optimization 

obtained an R2 of 99.9726%, so the model produced by UBR optimization was the best. The model with UBR 

optimization revealed that systolic blood pressure in patients with type 2 diabetes mellitus was strongly influenced by 

random blood glucose and age. Evaluation of the UBR optimization model performance on the testing data yielded an 

Symmetric Mean Absolute Percentage Error (SMAPE) value of 18.05096%. This means that the model performance 

with UBR optimization has a good ability to predict data. 
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1. INTRODUCTION 

Type 2 diabetes mellitus is a chronic disease characterized by increased random blood glucose due 

to insulin resistance [1]. Type 2 diabetes mellitus can affect blood pressure because elevated 

random blood glucose levels impair endothelial function, ultimately leading to blood vessel 

narrowing, vascular stiffness, and increased blood pressure [2]. High blood pressure in type 2 

diabetes mellitus patients is also caused by age due to physiological changes in hormones, the heart 

and blood vessels along with the aging process [3]. High blood pressure is a chronic disease that 

causes the number one death in the world, and its condition can be detected through checking 

systolic blood pressure or diastolic blood pressure (Kementerian Kesehatan, 2024). This study 

used systolic blood pressure for analysis. 

The extent to which random blood glucose levels and age influence systolic blood pressure in 

patients with type 2 diabetes mellitus can be analyzed using nonparametric regression methods. 

Nonparametric regression is more flexible than parametric regression because it has less stringent 

assumptions and can adjust to unknown functional forms [5]. The unknown function form can be 

estimated using smoothing techniques, one of which is kernel regression for random data patterns 

[6]. The most commonly used kernel regression function estimator in the kernel regression method 

is the Nadaraya-Watson estimator because its calculations are simpler [7]. The kernel regression 

function estimator uses a kernel density estimator to obtain accurate estimates calculated using the 

kernel function and bandwidth. Types of kernel functions include uniform, triangle, Epanechnikov, 

and Gaussian functions [8]. The Gaussian kernel function is often used because its calculations are 

simple and it has the advantage that its weights are defined for all real numbers [9]. Bandwidth is 

a key determinant of model performance, so a method is needed to obtain optimal bandwidth. 

Possible methods include Generalized Cross-Validation (GCV) and Unbiased Risk (UBR) [10].  

Research conducted by Muhajiriansyah and Binuko [11] on type 2 diabetes mellitus patients 

provided results that HbA1c levels and random blood glucose levels were related to blood pressure 

in type 2 diabetes mellitus patients which were tested using the Chi-Square test. Research by Naseri 

et al. [12] also examined type 2 diabetes mellitus patients and concluded that age and systolic 
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blood pressure had a significant positive relationship, while age and diastolic blood pressure did 

not have a significant relationship, which was tested using a 2-tailed Pearson correlation. Another 

study conducted by Rasyid et al. [13] in comparing CV and GCV bandwidth optimization in 

modeling the Human Development Index with kernel regression showed that the best model was 

obtained with GCV optimization because the R2 value was higher and the MAPE value was lower 

than the model with CV optimization. Azhar et al. [14] conducted a study by comparing UBR and 

GCV optimization in selecting knot points in spline regression to model the Open Unemployment 

Rate, providing results that the model with GCV optimization was better than UBR because the 

R2 value was higher and the MSE value was lower than the model with UBR optimization. 

Based on the description that has been presented, this study analyzes the effect of GDS levels and 

age on systolic blood pressure in patients with type 2 diabetes mellitus at PKU Muhammadiyah 

Hospital, Temanggung Regency in 2024. The method used is nonparametric regression with a 

kernel approach using the Gaussian kernel function and the GCV and UBR optimization methods. 

This study does not use CV optimization like the study of Rasyid et al. (2025) because if CV 

optimization is applied in this study, it will produce many undefined CV values because there are 

observation data with zero weighting. Therefore, this study compares GCV and UBR optimization 

to determine whether the study of Azhar et al. (2024) [14] which provides results that GCV is 

superior to UBR in spline regression also applies to kernel regression. 

 

2. PRELIMINARIES 

Nonparametric regression is a statistical technique applied to identify patterns of relationships 

between predictor and response variables without knowing the form of the function or regression 

curve. The unknown function form can be estimated using smoothing techniques, including 

kernels, local polynomials, splines, and Fourier series. The nonparametric regression model can 

be formulated in Equation (1) [15]. 

Yi = m(xi) + εi,   i = 1,2, … , n (1) 

where: 
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Yi  : response variable at observation i 

m(xi)  : unknown function representing the predictor variable at observation i 

εi  : error at observation i with mean = 0 and varians = σ2 

 Random data patterns can use kernel regression smoothing techniques. Kernel regression 

requires a kernel density estimator, which is an estimator used to smooth the data distribution by 

weighting each observation data using the formula in Equation (2) [16]. 

f̂h(x) =
1

n
∑

1

h
K(

x−Xi

h
)n

i=1  (2) 

where: 

K(. ) : kernel function 

h   : bandwidth 

x   : point on the estimated predictor variable 

Xi   : observation data i on the predictor variable 

 The kernel density estimator is calculated using the kernel function K(.) and bandwidth h. The 

kernel function is used to regulate the shape of the kernel weights used, while the bandwidth is 

used to control how smooth the estimated curve is [8]. The requirements for a kernel function in 

kernel regression are that it must be continuous, real-valued, symmetrical, bounded, and 

∫ K(u)du = 1
∞

−∞
 [5]. The kernel function is symmetric about the line u = 0, so that it can be 

written ∫ uK(u)du = 0
∞

−∞
. The kernel function scaled with bandwidth (h) can be formulated in 

Equation (3) [16]. 

Kh(u) =
1

h
K (

u

h
),  −∞ < u < ∞ dan h > 0 (3) 

The value u = x − Xi , so the kernel function equation which is scaled by bandwidth (h) and 

translated as far as Xi  on the x axis can be written as Equation (4). 

Kh(x − Xi) =
1

h
K (

x−Xi

h
) (4) 

The types of kernel functions used can be seen in Table 1 [8]. 
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Table 1. Types of Kernel Functions 

No Kernel Function Name Kernel Function Form 

1 Uniform 
K(u) = {

1

2
, for |u| ≤ 1 

0, for other u
 

2 Triangle K(u) = {
1 − |u|, for |u| ≤ 1 
0, for other u

 

3 Epanechnikov 
K(u) = {

3

4
− (1 − u2), for |u| ≤ 1 

0,    for other u
 

4 Gaussian K(u) =
1

√2π
e−

u2

2 , for |u| < ∞ 

This study uses the Gaussian kernel function with its advantage that all data have defined weights 

with data that is far from the observation data will have a smaller weight [9]. The kernel density 

estimator can be used to estimate multivariable data, namely data with more than one predictor 

variable, for example as many as p predictor variables. The kernel density estimator formula in 

p-dimensional space can be formulated in Equation (5) [8]. 

f̂h1,h2,…,hp(𝐱) =
1

n
∑ [∏

1

hd
K(

xd−Xid

hd
)

p
d=1 ]n

i=1     (5) 

Kernel regression is a nonparametric regression to estimate the conditional expectation of a 

random variable that satisfies Equation (1) [5]. The unknown function m(xi) can be estimated 

using the Nadaraya-Watson estimator. Estimation of the multivariable kernel regression function 

with one response variable (Yi) and p the predictor variables, namely 𝐗𝐢 = (Xi1, Xi2, ⋯ , Xip) 

with i = 1,2,⋯ , n can be seen in Equation (6) [8].  

m̂(𝐱) =
∑ [∏ K(

xd−Xid
hd

)
p
d=1 ]Yi

n
i=1

∑ [∏ K(
xd−Xid
hd

)
p
d=1

]n
i=1

   (6) 

where: 

m̂(𝐱)  : multivariable kernel regression function estimation 

K(∙)  : kernel function 

xd  : observation point of the d predictor variable 

Xid  : i observation point of the d predictor variable 
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hd  : bandwidth d 

Yi  : i observation data on the response variable 

n  : number of observations 

p  : number of predictor variables 

The bandwidth value significantly influences the estimation results. A bandwidth value that is too 

small can result in the estimation function experiencing overfitting, a condition where the model 

follows the training data pattern too closely, resulting in high accuracy on the training data but low 

accuracy on the testing data. A bandwidth value that is too large can result in the estimation 

function experiencing underfitting, a condition where the model is too simple in capturing the 

training data pattern, resulting in low accuracy on the training data, while accuracy on the testing 

data can be high or low depending on the data pattern [16]. Therefore, an optimization method is 

needed to obtain the optimal bandwidth, such as the Generalized Cross-Validation (GCV) and 

Unbiased Risk (UBR) methods. The optimal bandwidth with the GCV method for kernel 

regression is selected with the smallest GCV value. The GCV formula can be written in Equation 

(7) [8]. 

GCV(h) =
1

n

n2MSE(h)

[n−∑ Hjj
n
j=1 ]

2   (7) 

where: 

GCV(h) : Generalized Cross-Validationvalue with a certain bandwidth (h) 

Hjj : kernel weight for the j observation point on the predictor variable with the j observation  

  data on the predictor variable 

The MSE(h) value is the Mean Squared Error value with bandwidth (h) which can be formulated 

in Equation (8). 

MSE(h) =
1

n
∑ (Yj − m̂h(Xj))

2n
j=1    (8) 

The weight Hji is an element of the hat matrix 𝐇(h) [5]. The formula for Hji can be written in 

Equation (9). 

Hji =
K(

Xj−Xi

h
)

∑ K(
Xj−Xk

h
)n

k=1

   (9) 
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The UBR optimization method in kernel regression is a method used to determine the optimal 

bandwidth by considering risk and bias. The optimal bandwidth selected is the bandwidth with the 

smallest UBR value. The UBR formula can be written in Equation (10). 

UBR(h) =
1

n
‖(𝐈 − 𝐇(h))𝐘‖2 +

2σ2

n
tr (𝐇(h))  (10) 

If the error variance (σ2) is not known, you can estimate the formula in Equation (11). 

σ̂2 =
‖(𝐈−𝐇(h))𝐘‖

2

n−tr (𝐇(h))
  (11) 

where: 

𝐇(h)  : n × n size hat matrix 

tr (𝐇(h)) : sum of all diagonal elements 𝐇(h), tr (𝐇(h)) = ∑ Hjj
n
j=1  

𝐘  : vector of response variable observation data, 𝐘 =  (Y1, Y2, ⋯ , Yn) 

σ̂2  : estimation of error variance 

 The model with optimal bandwidth of GCV and UBR optimization methods can be tested for 

its goodness of fit using the coefficient of determination R2. The coefficient of determination is a 

method used to determine how much the predictor variable is able to explain the response variable 

[17]. The value of the coefficient of determination is in the range 0 ≤ R2 ≤ 1. The closer the R2 

value is to 1, the stronger the model's ability. The formula for the coefficient of determination can 

be seen in Equation (12). 

R2 = 1 −
∑ (Yi−Ŷi)

2n
i=1

∑ (Yi−Y̅)
2n

i=1

  (12) 

where: 

R2 : coefficient of determination 

Yi  : actual data of the i observation on the response variable 

Ŷi  : the predicted data of the i observation on the response variable with Ŷi = m̂(𝐗𝐢) 

Y̅  : the average of the actual data of the response variable 

 The criteria for the coefficient of determination according to Ndruru et al. [18] are that the 

model is said to have very strong ability if the R2 value is in the range of 0.8 ≤ R2 < 1.0, strong 

model ability is in the range of  0.6 ≤ R2 < 0.8, moderately strong model ability is in the range 
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of 0.4 ≤ R2 < 0.6, low model ability is in the range of 0.2 ≤ R2 < 0.4, while very low model 

ability is in the range of 0 ≤ R2 < 0.2. 

 The Symmetric Mean Absolute Percentage Error (SMAPE) value can be used to evaluate 

model performance. The SMAPE method evaluates how large the error of the predicted results is 

compared to the actual data. The SMAPE calculation formula is in accordance with Equation (13). 

SMAPE =
1

n
∑

|Yi−Ŷi|
1

2
(|Yi|+|Ŷi|)

× 100%n
i=1   (13) 

 A smaller SMAPE value indicates a more accurate model performance in forecasting. The 

SMAPE criteria according to Hu et al. [19] are that the model has excellent forecasting ability with 

a SMAPE value ≤ 10%, good forecasting ability has a range of 10% < SMAPE ≤ 20%, fair 

forecasting ability is in the range of 20% < SMAPE ≤ 50%, and poor forecasting ability has a 

SMAPE value > 50%. 

The research data comes from PKU Muhammadiyah Temanggung Hospital in the form of 

secondary data collected through the medical records unit. The data used are data from patients 

with type 2 diabetes mellitus who were examined in 2024 and have data on random blood glucose 

levels, age, and systolic blood pressure for study. The research data used were 135 data which 

were randomly divided into training data and testing data with a ratio of 85:15. The variables in 

this study consisted of one response variable, systolic blood pressure (𝑌) measured in mmHg, 

and two predictor variables, random blood glucose (𝑋1)  measured in mg/dL and age (𝑋2) 

expressed in years. Stages of multivariable kernel nonparametric regression analysis using R-

studio software with the following steps: 

1. Collect the data and identify the variables required for the study. 

2. Perform descriptive statistical analysis to provide an overview of the data. 

3. Split the dataset into training and testing sets using an 85:15 ratio. 

4. Visualize the training data using two-dimensional and three-dimensional scatterplots to 

examine the data distribution. 

5. Select the kernel function to be used in the analysis. 

6. Evaluate a range of bandwidth values through trial-and-error to identify candidate 
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bandwidths for the training data. 

7. Estimate the response variable (m̂(𝐱)) for each candidate bandwidth using Equation (6). 

8. Compute the GCV and UBR values for each estimated model using Equations (7) and (10), 

respectively. 

9. Select the optimal model based on the minimum GCV and UBR values. 

10. Assess the goodness of fit of the obtained model by calculating the coefficient of 

determination (R2) using Equation (12). 

11. Use the selected model to estimate the response variable (m̂(𝐱)) for the testing data using 

Equation (6). 

12. Evaluate the predictive performance of the selected model by calculating the SMAPE value 

for the testing data using Equation (13). 

 

3. MAIN RESULTS 

The research data was randomly divided into training data and testing data. The training data was 

used for regression modeling, while the testing data was used to evaluate the performance of the 

best model obtained from the training data modeling. The training data used a proportion of 85% 

of the total data, consisting of 114 data on type 2 diabetes mellitus patients. The testing data used 

a proportion of 15% of the total data, consisting of 21 data on type 2 diabetes mellitus patients. 

Descriptive statistics of the entire research data can be seen in Table 2. 

Table 2. Descriptive Statistics 

Statistics X1 (mg/dL) X2 (Year) Y (mmHg) 

Minimum Value 93 24 106 

Maximum Value 638 88 239 

Mean 283.7 59.86 149.9 

Median 266 60 146 

Based on Table 2, the number of observations used was 135 data from type 2 diabetes mellitus 

patients at PKU Muhammadiyah Hospital Temanggung in 2024 who had systolic blood pressure 
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(Y) ranging from 106 mmHg to 239 mmHg with an average of 149.9 mmHg and a median of 146 

mmHg. The average systolic blood pressure value was ≥140 mmHg indicates that most patients 

with type 2 diabetes mellitus have high blood pressure. Random blood glucose levels (X1) in 

patients with type 2 diabetes mellitus ranged from 93 mg/dL to 638 mg/dL, with an average of 

283.7 mg/dL and a median of 266 mg/dL. This average value indicates that most patients had blood 

glucose levels above the normal limit, which is ≥200 mg/dL. The age variable (X2)  ranged from 

24 to 88 years, with an average of 59.86 years and a median of 60 years. This age indicates that 

the patients were in the adult to elderly age group. 

Data plots using the training data for modeling can be seen in three dimensions in Figure 1 and in 

two dimensions in Figure 2. Based on Figure 1 and Figure 2, it can be seen that the relationship 

between random blood glucose and age on systolic blood pressure forms a random pattern so it is 

suitable to use multivariable kernel nonparametric regression. Multivariable kernel regression is 

influenced by the kernel function and bandwidth. This study uses a Gaussian kernel function with 

a bandwidth tested on the random blood glucose variable (X1) namely a lower limit of 1 and an 

upper limit of 5 with an increase of 0.1 while the bandwidth tested on the age variable (X2) 

namely a lower limit of 0.1, an upper limit of 3, and an increase of 0.1. The combination of 

bandwidths tested will form a model of 1230. The selected model is the model that has the optimal 

bandwidth using the GCV and UBR methods. 

 

FIGURE 1. 3D Data Plot of Predictor Variables against Response Variables 
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(a) 

 

(b) 

FIGURE 2. (a) 2D Plot of Random Blood Glucose and Systolic Blood Pressure; (b) 2D Plot of 

Age and Systolic Blood Pressure 

 

The bandwidth combinations that produce the 10 smallest GCV values can be seen in Table 3. 

Based on Table 3, the smallest GCV value is 283.2651 which is located in the 333rd combination 

with a bandwidth value for the random blood glucose predictor variable of 2.1 and a bandwidth 

for the age predictor variable of 0.3. The model of multivariable kernel regression with the optimal 

bandwidth of the GCV method and Gaussian function can be written in Equation (14). 
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m̂(𝐱) =

∑

{
 
 

 
 

1

√2π
e

−(
x1−Xi1
2.1

)
2

2

}
 
 

 
 

{
 
 

 
 

1

√2π
e

−(
x2−Xi2
0.3

)
2

2

}
 
 

 
 

Yi
114
i=1

∑

{
 
 

 
 

1

√2π
e

−(
x1−Xi1
2.1

)
2

2

}
 
 

 
 

{
 
 

 
 

1

√2π
e

−(
x2−Xi2
0.3

)
2

2

}
 
 

 
 

114
i=1

 (44) 

 

Table 3. Combination of Bandwidth and GCV Value 

Combination of h1 h2 GCV Value 

333 2.1 0.3 283.2651 

303 2.0 0.3 284.0018 

332 2.1 0.2 285.5187 

331 2.1 0.1 285.5219 

302 2.0 0.2 286.1773 

301 2.0 0.1 286.1804 

273 1.9 0.3 287.3938 

363 2.2 0.3 287.4995 

272 1.9 0.2 289.5137 

271 1.9 0.1 289.5168 

The goodness of fit of the obtained model can be assessed using the coefficient of determination  

(R2). The R2 for the model with GCV optimization is 0.999713. This means that systolic blood 

pressure is influenced by random blood glucose levels and age by 0.999713 or 99.9713% while 

the remaining 0.0287% is influenced by other factors not tested in this study. Based on the 

coefficient of determination criteria, the model formed from GCV optimization is very strong. The 

curve of the actual value with the estimated value of the response variable can be seen visually in 

Figure 3 and Figure 4. 
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(a) 

  

(b) 

FIGURE 3. (a) Actual Value Plot of GCV Optimization Training Data; (b) Estimated Value Plot 

of GCV Optimization Training Data 

 

(Actual) 

(Estimate) 



14 

KHAURA ANISA, SUPARTI, MASITHOH YESSI ROCHAYANI 

 

FIGURE 4. 2D for Actual Value and Estimated Value of GCV Optimization Training Data 

The blue area in Figure 3 (a) shows the actual value, while the red area in Figure 3 (b) shows the 

estimated value. Based on Figures 3 (a) and (b), the estimated value resembles the actual value, 

indicating that the GCV-optimized model is very robust in explaining the response variable based 

on the predictor variables. A two-dimensional plot of the actual value versus the estimated value 

can also be seen in Figure 4, which shows that the red line (estimated value) approaches the blue 

point (actual value), indicating that the GCV-optimized model is very robust in explaining the 

response variable based on the predictor variables. 

Table 4. Combination of Bandwidth and UBR Values 

Combination of- h1 h2 UBR Value 

272 1.9 0.3 15.44431 

303 2.0 0.3 15.46537 

272 1.9 0.2 15.47515 

271 1.9 0.1 15.47523 

302 2.0 0.2 15.49767 

301 2.0 0.1 15.49775 

243 1.8 0.3 15.50916 

242 1.8 0.2 15.53886 

241 1.8 0.1 15.53894 

213 1.7 0.3 15.59405 

 

The bandwidth combinations that produce the 10 smallest UBR values are shown in Table 4. Based 

on Table 4, the smallest UBR value is 15.44431 which is located in the 272nd combination with 
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the bandwidth value for the GDS predictor variable being 1.9 and the bandwidth for the age 

predictor variable being 0.3. The model of multivariable kernel regression with the optimal 

bandwidth of the UBR method and using the Gaussian function can be written in Equation (15). 

𝑚̂(𝒙) =

∑

{
 
 

 
 

1

√2𝜋
𝑒

−(
𝑥1−𝑋𝑖1
1.9

)
2

2

}
 
 

 
 

{
 
 

 
 

1

√2𝜋
𝑒

−(
𝑥2−𝑋𝑖2
0.3

)
2

2

}
 
 

 
 

𝑌𝑖
114
𝑖=1

∑

{
 
 

 
 

1

√2𝜋
𝑒

−(
𝑥1−𝑋𝑖1
1.9

)
2

2

}
 
 

 
 

{
 
 

 
 

1

√2𝜋
𝑒

−(
𝑥2−𝑋𝑖2
0.3

)
2

2

}
 
 

 
 

114
𝑖=1

 (15) 

The obtained model can be tested for goodness of fit by calculating the coefficient of determination 

(R2). The R2  value for the model with UBR optimization is 0.999726. This means that systolic 

blood pressure is influenced by GDS levels and age by 0.999726 or 99.9726% while the remaining 

0.0274% is influenced by other factors not tested in this study. Based on the coefficient of 

determination criteria, the model obtained from UBR optimization is very strong. The curve of the 

actual value with the estimated value of the response variable can be seen visually in Figure 5 and 

Figure 6. 

 

(a) 

(Actual) 
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(b) 

FIGURE 5. (a) Actual Value Plot of UBR Optimization Training Data; (b) Estimated Value Plot 

of UBR Optimization Training Data 

 

 

(c) 

 

FIGURE 6. 2D for Actual Value and Estimated Value of UBR Optimization Training Data 

The blue area in Figure 5 (a) shows the actual value, while the red area in Figure 5 (b) shows the 

estimated value. Based on Figures 5 (a) and (b), the estimated value resembles the actual value, 

(Estimate) 
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indicating that the UBR-optimized model is very strong in explaining the response variable based 

on the predictor variables. A two-dimensional plot of the actual value versus the estimated value 

can also be seen in Figure 6, which shows that the red line (estimated value) approaches the blue 

point (actual data), indicating that the UBR optimized model is very strong in explaining the 

response variable based on the predictor variables. 

The best model, formed from GCV and UBR optimization, was selected with the highest R2  

value. The R2  for the GCV optimization model was 99.9713%, while the UBR optimization 

model was 99.9726%. The R2  value for the UBR optimization model was slightly higher than 

that for the GCV optimization model, indicating that the UBR optimized model was the best 

model, according to Equation (15). 

The performance of the best model was evaluated by measuring the SMAPE value on the testing 

data to test the model's accuracy in estimating new data. The resulting SMAPE value is 

18.05096%, indicating that the best model performance with UBR optimization is able to predict 

well. The plot between the actual and estimated values in the testing data can be seen visually in 

Figure 7. 

 

FIGURE 7. Plot of Actual and Estimated Values from UBR Optimization Test Data 

The blue dots in Figure 7 represent the actual values, while the red lines represent the estimated 

values. Based on Figure 7, the estimated values are close to the actual data values, indicating that 

the UBR-optimized model's forecasting ability is quite good. 
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4. CONCLUSION 

Based on the results and discussion described above, the multivariable kernel regression method 

with Generalized Cross-Validation (GCV) and Unbiased Risk (UBR) bandwidth optimization can 

model the effect of random blood glucose levels and age on systolic blood pressure in patients with 

type 2 diabetes mellitus at PKU Muhammadiyah Hospital, Temanggung, in 2024. The model 

generated by GCV optimization with bandwidths h1 = 2.1 and h2 = 0.3 had a coefficient of 

determination of 99.9713%. The model generated by UBR optimization with bandwidths h1 =

1.9   and h2 = 0.3   had a coefficient of determination of 99.9726%. The coefficient of 

determination of the model generated by GCV and UBR optimization was greater than 80%, 

indicating that systolic blood pressure was strongly explained by its predictor variables, random 

blood sugar levels and age. 

The kernel regression model with UBR optimization had a slightly higher coefficient of 

determination than the model with GCV optimization. Therefore, the best model selected was the 

UBR optimized model. The performance of the best model was evaluated using the SMAPE test 

on the testing data, resulting in an SMAPE value of 18.05096%. This SMAPE value is less than 

20%, indicating that the UBR-optimized model has good estimation capabilities. 
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