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Abstract: Diabetes mellitus is a major global health threat often accompanied by dyslipidemia, which elevates cardiovascular risks.
While rising cases demand precise predictive tools for cholesterol-related complications, existing studies largely rely on simple
linear models that fail to capture the nonlinear, heterogeneous nature of clinical data. This study modeled total cholesterol levels
based on blood glucose in diabetes patients using a flexible nonparametric local linear estimator. Secondary data from 42
outpatients at RSUD Kabupaten Karangasem. The proposed approach was compared against parametric linear, quadratic, and
cubic regression models. Bandwidth selection employed Cross-Validation, Generalized Cross-Validation, and Rule of Thumb across
seven kernel functions. Results revealed a significant positive correlation between blood glucose and cholesterol levels (r = 0.710,
p < 0.05). Furthermore, the local linear estimator utilizing a Gaussian kernel and Cross-Validation bandwidth (h = 1.49)
demonstrated superior predictive performance. It achieved an MSE of 104.56, a MAPE of 2.27%, and an R-squared of 90.51%,
vastly outperforming parametric models, which yielded R-squared values of 40.70-48.77%. In conclusion, the nonparametric local
linear approach offers a highly accurate, flexible method for predicting cholesterol levels from blood glucose data. It presents a

robust decision-support tool for clinicians managing diabetes-related cardiovascular complications.
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1. INTRODUCTION

Diabetes mellitus (DM) is a global health threat with a
significant increase in mortality rates in the last two decades
[1]. One of the riskiest comorbidity complications for people
with DM is lipid metabolism disorders or dyslipidemia, which
is generally characterized by high total cholesterol levels [2].
Insulin resistance conditions in DM patients trigger an
increase in bad cholesterol (LDL) and a decrease in good
cholesterol (HDL), which in turn accelerates the formation of
atherosclerotic plaques and multiplies the risk of
cardiovascular diseases such as heart attack and stroke [3],
[4]. Locally, the urgency of handling this condition is very
visible at the Karangasem Regency Hospital, where the
number of DM outpatient visits jumped dramatically from
3,344 patients in 2023 to 3,480 patients in 2024, and has
exceeded 879 patients in the first quarter of 2025 alone.

The escalation of such alarming medical cases demands
precise analytical interventions, where statistical modeling
plays a crucial role as a policy-making tool for medical
personnel to map and predict fluctuations in the risk of
complications in patients [5]. Observations of clinical medical
data show that relationships between variables are often very
heterogeneous, complex, and rarely form constant linear
curves, so a nonparametric regression approach using local
linear estimators is present as a highly reliable adaptive
analytical solution to minimize bias in the boundary effects
area [6], [7]. The realization of an accurate predictive model
is essential to formulate rapid and efficient clinical
interventions [8], while contributing directly to the
achievement of the Sustainable Development Goals (SDGs)
Target 3.4 to reduce premature mortality due to Non-
Communicable Diseases (NCDs) [9].

Empirically, various previous studies have proven the
existence of a clinical relationship between blood sugar levels
and cholesterol. Research conducted by [10], [11], and [12]
consistently confirms a significant correlation between
increased blood glucose and deterioration of lipid profiles in
DM patients. Furthermore, previous research conducted
specifically at Karangasem Regency Hospital has also laid an
empirical foundation that there is a positive correlation
between these two variables in the outpatient population in
hospitals [13].

Although correlations between variables have been widely
proven, previous series of studies have been largely limited to
simple linear association testing and have not yet made a step
towards the formulation of comprehensive predictive
functional models. The use of conventional parametric
regression that strictly requires the assumption of certain curve
shapes is prone to resulting in biased and less precise
predictive estimates when faced with clinical data in the field
[14]. Based on these methodological gaps, this study aims to
formulate "Modeling of Total Cholesterol Levels Based on
Blood Sugar Levels in Patients with Diabetes Mellitus at
Karangasem Regency Hospital with Local Linear Estimators"
in order to obtain flexible estimates that are able to follow the
actual data pattern.

2. METHODS

2.1 DATA SOURCE

This study utilized secondary data obtained from RSUD
Karangasem. The dataset consisted of 42 patient records. The
use of secondary data allows the analysis to be conducted
based on existing clinical records without direct data
collection. Such data are commonly used in statistical
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modeling studies [15], including studies examining the
relationship between blood glucose and cholesterol levels in
diabetes mellitus patients [11], [12].

2.2 RESEARCH VARIABLES

The variables used in this study consist of one independent
variable and one dependent variable. The independent variable
is denoted by X, while the dependent variable is denoted by Y.
The definitions of these variables are as follows:

Table 1: Research Variables

Variable Definitions Units
X Blood glucose mg/dL
Y Total cholesterol mg/dL

The independent variable (X) functions as a predictor,
whereas the dependent variable (Y) represents the response
variable influenced by changes in X [16].

2.3 STATISTICAL ANALYSIS

2.3.1 PARAMETRIC REGRESSION

Parametric regression was employed as an initial approach
to identify the general pattern of the relationship between the
independent and dependent variables. The models considered
in this study include linear, quadratic, and cubic regression
models [17].

The linear regression model is expressed as:

Table 2: Parametric Regression

Regression Models
Linear Vi =By +BiXi + &
Quadratic Y= Bo + BiXi + Bp X7 + &
Cubic Y, = Bo + BiXi + B XP + B:XP + &

where Y; represents the response variable, X; is the predictor
variable, B, B1, B-, and B are regression coefficients, and ¢;
is the error term.

2.3.2 LOCAL LINEAR ESTIMATOR

To capture nonlinear patterns, a local linear estimator was
applied. This method is a nonparametric regression technique
that does not assume a global functional form [18]. This
flexibility allows the model to adapt to local trends in the data
that may be too complex for a global parametric model [19].

The estimator is obtained by minimizing the weighted least
squares function:

14
X —x 2
me) = Y K(“5) = (8o + B - 0)
j=0
where K is the kernel function and h is the bandwidth
parameter. This approach allows the model to adapt locally to
the structure of the data [19].

2.3.3 KERNEL FUNCTION

Kernel functions are used to assign weights to
observations based on their distance from the estimation point
[20]. In kernel regression, the choice of bandwidth is
generally considered more critical than the choice of kernel
function itself [21]. The general form is:

K, (x) lK(x) f <x<wh>0 (2)

= - — — OO (ee]
n(X h n) or X R

Some commonly used kernel functions are defined as

follows:

Table 3: Kernel Functions

Kernel Functions
Uniform K(x) = % for x| <1
Triangle K(x)=(1—|x])for|x] <1
Epanechnikov K(x) = %(1 —x?) for|x| <1
. 15
Kuartik K(x) = 6 (1 —x*2for|x| <1
Triweight K(x) = %(1 —x®)3for|x| <1
Cosinus K(x) = %cos (”2—)() for |x| <1
— 1 (1, .2 —
Gaussian K(x) = x/ﬁ(z( x )) for —o < x <
(0 0]

2.3.4 BANDWIDTH SELECTION

Bandwidth is a smoothing parameter that controls the
trade-off between bias and variance in nonparametric
regression [18], [22].

Cross Validation (CV):

cvan =) Z (e - i) 3)

i=1

Generalized Cross Validation (GCV):

(v — 9x))°

GCV(h) = (n~trace[lI — H(h)])?

4)
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Rule of Thumb:

1
h=c-o0-n5 (5)

Bandwidth selection plays a crucial role in determining the
smoothness of the estimated curve.

2.3.5 MODEL EVALUATIONS

Model performance is evaluated using several statistical
measures [23] (Hastie et al., 2009):

Mean Square Error (MSE):

N (v, — $)2
MSE = M (6)
n
Coefficient of Determination (R?):
. 2
RZ—1— Z?:l(yi - m(xi)) %)
X - y)?
Mean Absolute Percentage Error (MAPE):
14, — F
MAPE = Ez —| X 100% (8)
i

i=1
The best model is selected based on the smallest MSE and

MAPE values and the largest R* value [24] (Nabillah &
Ranggadara, 2020).

3. RESULTS AND DISCUSSION
3.1 RESULTS

3.1.1 DESCRIPTIVE STATISTICS

Descriptive statistics for the blood sugar and cholesterol
variables are presented in Table 4 below.

Table 4: Descriptive Statistical Analysis

\/ar |Count Mea | StD | Varian SUM Mi | Ma
n ev ce n X
183,2 | 58,2 | 3396,9 | 7698,1

X | 42 9 8 9 8 84 | 273
2426 | 33,6 | 1129,4 | 10316, | 15

e P 6 04 | 5 |2

Next is a scatterplot, which is used to examine the pattern
of the relationship, the direction of the relationship
(positive/negative), the nature of the relationship (linear or
nonlinear), and the presence of outliers before building a
regression model.

Scatterplot of cholasterol vs blood sugee

50 i X . s

s

chelesterol

Fig. 1. Scatterplot of total cholesterol levels by blood sugar
level.

Based on the figure, it can be seen that cholesterol levels
in patients with diabetes mellitus form a scattered plot with an
upward trend. Next, a correlation test will be conducted to
determine the linear relationship between the predictor
variable (blood glucose level) and the response variable
(cholesterol level), with the following hypothesis:

H, : There is no linear relationship between blood sugar levels
and cholesterol levels in patients with diabetes mellitus.

H, : There is a linear relationship between blood sugar levels
and cholesterol levels in patients with diabetes mellitus.

The critical region rejects H, if p-value < 0,05.

The following is the output from the correlation test
between blood sugar levels (X) and cholesterol levels (Y) in
patients with diabetes mellitus.

Table 5: Output of the Correlation Test Results for
Variables X and Y

Pearson Correlation | 0,710
P-value 0,000

Based on the table, the p-value (0,000) is less than 0,05.
Therefore, the decision from this correlation test is to reject Hy,
and it can be concluded that there is a statistically significant
linear relationship between blood glucose levels and
cholesterol levels in patients with diabetes mellitus. The
positive correlation coefficient indicates that as blood sugar
levels increase, cholesterol levels also tend to increase.

3.1.2 PARAMETRIC LINEAR REGRESSION METHOD

The linear regression estimate for total cholesterol levels
based on blood sugar levels is shown in the following figure.
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Fig. 2. Linear regression plot of total cholesterol levels
based on blood sugar levels.

Based on the figure, we obtain
y =1782+ 0,3679x 9)

The equation yields an estimated R-squared value of 40,7%
the accuracy of this estimate falls into the moderate category,
with an MSE of 653,78 and a MAPE of 8,71%, which is
considered highly accurate.

3.1.3 PARAMETRIC QUADRATIC REGRESSION METHOD

The quadratic regression estimate for total cholesterol
levels based on blood sugar levels is shown in the following
figure.

Fitted Line Plot
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Fig. 3. Quadratic regression plot of total cholesterol levels
based on blood sugar levels.

Based on the figure, we obtain
y = 81,11 + 1,601x — 0,003491x2 (10)

The equation yields an estimated R-squared value of
48,41% the accuracy of this estimate falls into the moderate
category, with an MSE of 568,76 and a MAPE of 8,15%,
which is considered highly accurate.

3.1.4 PARAMETRIC CuUBIC REGRESSION METHOD

The cubic regression estimate for total cholesterol levels
based on blood sugar levels is shown in the following figure.

Fitted Line Plot
chelwsterol = 1! +0,153 blood
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Fig. 4. Cubic regression plot of total cholesterol levels based
on blood sugar levels.

Based on the figure, we obtain
y = 156,8 + 0,153x + 0,00507x% — 0,000016x> (11)

The equation vyields an estimated R-squared value of
48,77% the accuracy of this estimate falls into the moderate
category, with an MSE of 564,77 and a MAPE of 8%, which
is considered highly accurate.

3.1.5 NON-PARAMETRIC LOCAL LINEAR REGRESSION
METHOD

The selection of the optimal bandwidth was performed
using three methods, that is Cross-Validation, Generalized
Cross-Validation, and Rule of Thumb. These methods were
evaluated across seven types of kernels, namely Gaussian,
Epanechnikov, Triangle, Cosine, Triweight, Quartic, and
Uniform. The complete comparison of the bandwidth
selection methods and kernel types is presented in Table 6
below.

Table 6: Comparison of Methods and Kernels on Overall

Data
Meto MAP , | Bandwi
de Kernel MSE E R dth
. 104,56 |2,2743 |0,9051
(04 Gaussian 65 % % 1,4999
. 514,09 |7,3545 [0,5337
Gaussian 05 % % 20
Epanechni | 345,44 |5,3383 |0,6866 12
GeV kov 94 % %
Trianale 310,09 |5,0348 [0,7187 12
9 02 % %
Cosinus 341,65 |5,3046 [0,6901 12
26 % %

www.ijeais.org/ijaar

90



International Journal of Academic and Applied Research (IJAAR)

ISSN: 2643-9603
Vol. 10 Issue 7 July - 2026, Pages: 87-93

Trweignt | 24242 [5:3240 06863 [
Quartic 33g>é21 5,20250 0,6(5)277 125
Uniform 385,13 |5,7393 |0,6506 9

76 % %
Gaussian 31&“ 5’](')204 0’70232 4,3187
Epa;(;e\(/:hnl 34&,)22 5,1(1)/](.]66 0,6(5)278 9,5608

R(l)]1!e Triangle 3Oj'é01 4’%221 0’70/%69 10,5031

Tumb | Cosinus 34:5332 5’3;283 0’%204 9,8248
Triweight 32§i55 5’10275 0’70274 12,8617
Quartic 32§é78 5’20/2091 0’70236 11,3264

Based on the results, the CV method with the Gaussian
kernel produced the smallest MSE and MAPE values and the
largest R? value. This combination of CV and the Gaussian
Kernel yielded an MSE of 104,56, a MAPE of 2,27%, and an
R? of 90,51%, with an optimal bandwidth (h) of 1,49.

The optimal bandwidth value obtained from the Cross-
Validation (CV) method was used in R software to estimate
the parameter £ in the local linear estimator. The estimation
results were then used to generate a prediction curve for total
cholesterol levels based on blood glucose levels. A plot of the
estimation results using the Gaussian kernel is presented in the
following figure.
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Fig. 5. Comparison of actual total cholesterol levels and
predicted cholesterol levels based on blood glucose levels in
the overall data set.

Based on Fig. 5, the red line connecting the data points
represents the optimal model. The flexibility of this model is
considered optimal because it captures the main trends in the
data without becoming overly complex. These characteristics
give the model high predictive accuracy, both when applied to
existing data and when faced with new data. Therefore, the
resulting model has proven to be balanced, efficient, and
highly generalizable.

3.2 DISCUSSION

Based on the results of the analysis to select the best
regression model, which was based on the MSE, MAPE, and
R-squared values obtained earlier. The findings are presented
in the following table.

Table 7: Comparison of Regression Models

Parametric Regression Non
Value - - - Parametric
Linear | Quadratic | Cubic | Regression
MSE 653,79 568,76 564,77 104,56
R? 40,70% 48,41% 48,77% 90,51%
MAPE | 8,71% 8,15% 8,00% 2,27%

Based on the MSE, MAPE, and R-squared values in the
table above for cholesterol level data of patients with diabetes
mellitus based on blood glucose levels, it was found that
nonparametric regression using a Gaussian kernel is the best
regression model for analyzing the data, with an MSE of
104,56, a MAPE of 2,27%, and an R-squared of 90,51%.

4. CONCLUSION

This study confirms that blood glucose levels have a
significant positive relationship with total cholesterol levels in
diabetes mellitus patients at RSUD Kabupaten Karangasem, as
indicated by a Pearson correlation of 0.710 (p < 0.05).
Comparison among parametric regression models (linear,
quadratic, and cubic) revealed that all three produced relatively
similar and limited predictive accuracy, with R-squared values
ranging from 40.70% to 48.77%, indicating that the
relationship between the two variables does not follow a
simple linear or polynomial pattern. The nonparametric local
linear estimator, using the Gaussian kernel with bandwidth
selected through the Cross-Validation method (h = 1.49),
substantially outperformed all parametric models, yielding an
MSE of 104.56, a MAPE of 2.27%, and an R-squared of
90.51%. These results confirm that the local linear estimator is
more capable of capturing the heterogeneous and nonlinear
pattern of clinical data without being constrained by a fixed
functional form, thereby producing a more flexible, accurate,
and generalizable predictive model. Practically, this model can
serve as a decision-support tool for medical personnel at
RSUD Kabupaten Karangasem in anticipating dyslipidemia
risk in diabetes mellitus patients based on their blood glucose
levels, allowing for earlier and more targeted clinical
intervention. Future research is recommended to apply this
local linear estimator approach to larger and more diverse
datasets, as well as to explore its extension to multiple
predictor variables, in order to strengthen the model's
generalizability and support broader efforts toward achieving
SDGs Target 3.4 on reducing premature mortality from non-
communicable diseases.
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