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A Comparative Study of Linear and Quadratic Spline Regression Models
for Predicting HbA1c Levels in Patients with Diabetes Mellitus

Samsul Arifin1, Dewi Anggraini1, Nur Salam1

1Department of Statistics, Universitas Lambung Mangkurat, Banjarbaru 70714, Indonesia

ABSTRACT. HbA1c is widely recognized as a key clinical indicator for monitoring and controlling diabetes, as it
reflects average blood glucose levels over the preceding 2–3 months and is closely linked to the risk of complications.
This study compares linear and quadratic truncated spline regression models for predicting HbA1c levels in patients
with diabetes mellitus. The analysis used retrospective medical record data from a hospital in Makassar, Indonesia,
collected in 2023. Fasting blood glucose and LDL cholesterol were included as predictors, with HbA1c as the response
variable. Truncated spline regression was applied to capture nonlinear associations between predictors and HbA1c,
and the comparison focused on linear versus quadratic specifications. The selection of the best model was based on the
minimum GCV value. The model selection process indicated that the best specification was the linear truncated spline
regression with two knot points. For FBG, the optimal knots were located at 159 mg/dL and 368 mg/dL, yielding
the lowest GCV value of 3.5798. For LDL cholesterol, the best fit was achieved with knots at 183 mg/dL and 191
mg/dL, resulting in a GCV value of 4.3325. The predictive performance of this model was further supported by an R²
value of 0.3861, indicating that the linear spline with two knots provides a better fit compared with the quadratic
spline alternative. The spline approach showed a better fit based on GCV in depicting the changes in the influence
of predictors on HbA1c, suggesting its potential as a more accurate predictive model for clinical and epidemiological
purposes.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of JJoM: Department of Mathematics, Uni-
versitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Diabetes Mellitus (DM) is a chronic disease characterised
by persistently high blood glucose levels [1]. This occurs because
the body is unable to produce enough insulin or cannot use in-
sulin effectively [2]. The prevalence of DM in Indonesia continues
to increase each year [3]. In Makassar, the number of DM cases
is relatively high and has become a significant concern in various
healthcare facilities. One of the key indicators for monitoring and
controlling this disease is the HbA1c level, which is a measure of
glycated hemoglobin [4]. HbA1c reflects the average blood glu-
cose level over the past 2–3 months and serves as the primary
reference for assessing diabetes control in patients [5].

In understanding the factors that influence HbA1c levels or
in predicting HbA1c levels, parametric approaches, such as lin-
ear regression, are still commonly used [6]. However, the rela-
tionship between HbA1c levels and variables such as body mass
index, fasting blood glucose, and low-density lipoprotein (LDL)
cholesterol is often nonlinear [7]. When the relationships be-
tween variables do not follow a linear pattern, the use of conven-
tional linear regression models can yield inaccurate estimates or
fail to accurately represent the data structure. Therefore, non-
parametric approaches such as spline regression offer a more
flexible alternative, as they can model relationships in the form
of curve segments [8]. Using splines, nonlinear or varying rela-
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tionships across the data range can be captured more effectively
[9].

Several previous studies have shown that spline regression
outperforms ordinary linear regression in modelling health data,
particularly when the relationships between variables are nonlin-
ear [10, 11]. Lu et al. [12] used a nonparametric approach to
predict HbA1c levels. Islamiyati et al. [13] also used a nonpara-
metric bivariate spline approach to examine factors influencing
HbA1c in DM patients. In Indonesia, the application of spline
regression is still limited, and few studies specifically compare
linear splines and quadratic splines, particularly in the context of
predicting HbA1c in DM patients.

The data for this study were obtained from the 2023 med-
ical records of patients with diabetes mellitus in hospitals in
Makassar, Indonesia. Based on this background, the study aims
to compare linear and quadratic spline regression models in pre-
dicting HbA1c levels among diabetic patients. The results of this
studywill provide a clearer understanding of whichmodel is more
accurate and suitable for clinical use. They will also serve as a
reference for further research in the fields of epidemiology and
health statistics.

2. Methods

This study is a retrospective study conducted at a hospi-
tal in Makassar in 2023 using medical record data from 87 pa-
tients with diabetes mellitus. The response variable (y) is the
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HbA1c level, while the predictor variables include FBG (x1) and
LDL cholesterol (x2). The modeling approach applied is a simul-
taneous additive regression model. To capture potential nonlin-
earity, the truncated spline regression method was employed to
compare linear and quadratic basis functions. The selection of
knot points was carried out numerically and evaluated using the
GCV method. The number of knots was restricted to one or two,
mainly due to computational limitations and to maintain model
parsimony. The choice of truncated spline over other spline ap-
proaches was motivated by its computational simplicity, inter-
pretability, and suitability for the moderate sample size used in
this study. Data analysis was performed using RStudio software
version 2024.12.0.

2.1. Parametric Regression
Parametric regression analysis is used when the form of

the relationship between the response variable and the predic-
tor variables is known beforehand, such as linear, quadratic, or
cubic relationships [14]. If the assumptions about the form of
this parametric model are correct, the parameter estimates gen-
erated will be highly efficient. In general, the parametric linear
regression model can be expressed as follows in eq. (1):

yi = ϑ0 +

p∑
j=1

ϑjxji + εi, (1)

where yi is the response variable, xji is the predictor variable,
ϑ0 is the intercept, ϑj is the regression parameter, and εi is the
residual, assumed to be independent and normally distributed.
Eq. (1) can be expressed in matrix form as shown in eq. (2):

y = Xϑ+ ε, (2)

where:

y =


y1
y2
...
yn

 ; X=


1 x11 x21

1 x12 x22

...
...

...
1 x1n x2n

. . .

. . .
. . .
. . .

xp1

xp2

...
xpn

 ;

ϑ =


ϑ0

ϑ1

...
ϑp

 ; ε =


ε1
ε2
...
εn

 .

The parameter ϑ can be estimated using the ordinary least
squares (OLS) method by minimising the sum of squared errors

n∑
i=1

ε2 = ε′ε

= (y −Xϑ)
′
(y −Xϑ)

= (y′ −X ′ϑ′)(y −Xϑ)

= y′y − y′Xϑ− ϑ′X ′y + ϑ′X
′
Xϑ

= y′y − 2ϑ′X ′y + ϑ′X
′
Xϑ.

(3)

Since y′Xϑ Is a scalar, its transpose matrix is (y′Xϑ)
′
= ϑ′X

′
y.

Next, the sum of squared errors is differentiated concerning ϑ.

Then the derivative is set equal to zero to obtain the estimated
result of ϑ As shown in eq. (4):

∂ε′ε

∂ϑ

∣∣∣∣
ϑ=ϑ̂

=
∂[y′y − 2ϑ′X ′y + ϑ′X ′Xϑ]

∂ϑ

0− 2X ′y + 2X ′Xϑ̂ = 0

−2X ′y + 2X ′Xϑ̂ = 0

2X ′Xϑ̂ = 2X ′y

X ′Xϑ̂ = X ′y

ϑ̂ =
(
X ′X

)−1
X ′y,

(4)

where ϑ̂ = [ϑ̂0, ϑ̂1, ϑ̂2, . . . , ϑ̂p]
′.

2.2. Nonparametric Regression
Nonparametric regression is an alternative method that can

be used when the form of the relationship between the response
variable and the predictor variables is not known precisely [15].
Unlike parametric regression, this approach does not require spe-
cific assumptions about the form of the regression function, mak-
ing it more flexible in capturing complex data patterns. Nonpara-
metric regression with p predictors involving n observations can
be modelled in the following eq. (5):

yi = f (x1i, x2i, . . . , xpi) + εi; i = 1, 2, . . . , n, (5)

where f is the nonparametric regression function. The form of
the nonparametric regression function in eq. (5) is not known,
and it is only assumed to be contained within a specific function
space. The choice of function space is based on the smoothness
properties of the function, f . One approach to nonparametric
regression is spline regression. Splines have the advantage of
handling data patterns that exhibit upward or downward trends,
thanks to the use of knot points, resulting in a relatively smooth
curve.

2.3. Spline Regression
Spline is a segmented polynomial known for its flexible

properties. This main characteristic distinguishes splines from
regular polynomials, as they can adapt the curve shape more
effectively to variations in data patterns or specific functions.
In general, a spline function of order q with knot points at
k1, k2, . . . , kr can be expressed in the following eq. (6):

f (xi) =

q∑
l=0

βlx
l
i +

r∑
h=1

βq+h(xi − kh)
q
+, (6)

where ϑ0, ϑ1, . . . , ϑq, ϑq+1, . . . , ϑq+r are the regression param-
eters, kh is the h-th knot point, and (xi − kh)

q
+ is the polynomial

function expressed as shown in eq. (7):

(xi − kh)
q
+ =

{
(xi − kh)

q, if xi ≥ kh,

0, if xi < kh.
(7)

If in eq. (6), the value of q is substituted with 1, 2, or 3, the re-
sulting spline functions are called linear spline, quadratic spline,
and cubic spline, respectively.
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The function that represents the relationship between the
p-th predictor and a single response, when approximated with
the spline function f(xi) in eq. (6), can be expressed in the fol-
lowing eq. (8):

yi = f (x1i) + f (x2i) + · · ·+ f (xpi) + εi

=

p∑
j=1

f (xji) + εi; i = 1, 2, . . . , n,
(8)

where:

f (xji) = ϑ0j +

q∑
l=1

ϑjlx
l
ji +

r∑
h=1

ϑj(q+h)(xji − kjh)
q
+;

j = 1, 2, . . . , p,

kjh is the value of the knot point, r is the number of knot points,
q is the order of the spline polynomial, and p is the number of
predictor variables. Eq. (8) can be expressed in matrix form as
shown in eq. (9):

y = Xϑ+ ε, (9)

and

y = (y1, y2, . . . , yn)
′,

X =


1 x11 · · · x q

p1 (x11 − k11)
q
+ · · · (xp1 − kpr)

q
+

1 x12 · · · x q
p2 (x12 − k11)

q
+ · · · (xp2 − kpr)

q
+

...
...

. . .
...

...
. . .

...
1 x1n · · · x q

pn (x1n − k11)
q
+ · · · (xpn − kpr)

q
+

 ,

ϑ = (ϑ01, ϑp1, . . . , ϑpq, ϑ1(q+1), . . . , ϑp(q+r))
′,

ε = (ε1, ε2, . . . , εn)
′.

2.4. Knot Point Selection
The selection of the optimal knot points can be done using

the Generalized Cross Validation (GCV) method. GCV theoreti-
cally has asymptotic optimality properties. The GCV method also
has the advantage of not requiring knowledge of the population
variance, and it is invariant to transformations. The GCV method
is typically expressed in eq. (10):

GCV (kh) =
MSE (kh)

[n−1trace (I −A (kh))]
2 , (10)

where MSE (kh) = n−1
∑n

i=1 (yi − ŷi)
2, k is the knot point,

the matrixA isX(XtX)
−1

Xt, and I is the identity matrix. The
minimum GCV value gives the optimal knot point value.

2.5. Diabetes Mellitus
DM is a chronic metabolic disorder characterized by hyper-

glycemia due to abnormalities in insulin secretion, insulin action,
or both [16]. This disease has the potential to cause various seri-
ous complications, both microvascular, such as nephropathy and
retinopathy, and macrovascular, such as coronary heart disease.
Therefore, monitoring specific biochemical parameters is essen-
tial in the management of DM. One of the most commonly used
parameters is HbA1c levels, which reflect the average blood glu-
cose level over the past 8–12 weeks [17]. HbA1c is considered
a key indicator for evaluating long-term glycemic control and is

closely related to the risk of chronic complications in diabetic
patients.

One of the factors that influences HbA1c values is the blood
glucose level measured after fasting for at least eight hours [18].
Fasting blood glucose provides a direct indication of the glycemic
status at the time and empirically shows a positive correlation
with HbA1c, particularly in patients with unstable glucose con-
trol. In other words, high fasting blood glucose over time can
lead to the accumulation of glucose that binds to hemoglobin,
thereby increasing the HbA1c value [19]. Therefore, fasting blood
glucose is not only important as a screening tool and for early di-
agnosis but also relevant for monitoring the success of therapy
periodically.

LDL cholesterol also plays a crucial role in the pathophysi-
ology of DM, particularly in indirectly impairing glycemic control
[20]. LDL cholesterol is commonly referred to as ”bad choles-
terol” because it contributes to the formation of atherosclerotic
plaques, which can impair vascular function. Several studies have
shown that high LDL cholesterol is associated with increased in-
sulin resistance and systemic inflammation, which can ultimately
lead to worsened glucose control and higher HbA1c levels. Thus,
HbA1c, fasting blood glucose, and LDL cholesterol levels are
three interrelated indicators that are important to analyse in un-
derstanding the metabolic condition of diabetic patients.

3. Results and Discussion
3.1. Scatterplot

The relationship pattern between the response variable
and the predictor variables is examined to understand the char-
acteristics of the connection between them. One of the simplest
ways to evaluate this relationship pattern is through visualisa-
tion using a scatterplot. A scatterplot displays the relationship
between two different variables and allows for the identification
of any patterns that may form, such as linear, quadratic, or other
forms. If the scatterplot reveals a clear pattern, a parametric ap-
proach can be used in modelling. On the other hand, if no struc-
tured pattern is found, a nonparametric approach is more appro-
priate to apply. The scatterplot between HbA1c levels and the
predictor variables is presented in Figure 1.

Based on the scatterplot between HbA1c levels and the pre-
dictor variables, no clear pattern, such as a straight line or spe-
cific curve, is observed. This irregularity is likely due to individual
characteristic differences and the influence of other variables that
have not yet been analysed. Therefore, the relationship between
fasting blood glucose and LDL cholesterol with HbA1c levels is
not suitable for modelling using conventional parametric regres-
sion and is more appropriately analysed using a nonparametric
approach [13].

3.2. Selection of Optimal Knot Points

A commonly used approach to determine the optimal knot
points is the GCV, where the smallest GCV value indicates the
best model with the minimum prediction error. In this study, the
selection of knot points is limited to one or two. The GCV values
obtained for the nonparametric spline regression model on the
fasting blood glucose variable are presented in Table 1.

Based on Table 1, the nonparametric Spline regression
model with a linear order and two knot points at 159 and 368
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Figure 1. Scatterplot of HbA1c levels and predictor variables

Table 1. Knot selection for the fasting blood glucose variable

Order
Knot Selection

1 Knot GCV 2 Knot GCV

Linear

395 3.8413 159; 368 3.5797
368 3.8861 158; 368 3.5799
383 3.8862 157; 368 3.5808
143 3.9742 157; 395 3.5808
144 3.9746 158; 395 3.5810
352 3.9757 159; 395 3.5819
142 3.9782 155; 395 3.5827
...

...
...

...
253 4.1666 98; 253 4.2422

Quadratic

383 3.9672 98; 352 3.6352
368 3.9677 104; 352 3.6365
395 3.9820 109; 352 3.6384
352 3.9893 98; 348 3.6386
348 3.9983 110; 352 3.6389
336 4.0317 104; 348 3.6399
329 4.0524 109; 348 3.6418
...

...
...

...
205 4.2095 225; 420 4.2824

was selected as the best model for the variable x1, which is fast-
ing blood glucose. This selection is based on the smallest GCV
value of 3.5797, indicating that this model has the lowest predic-
tion error compared to other knot point combinations. A lower
GCV value indicates that the linear order model with two knot
points can represent the relationship between fasting blood glu-
cose and HbA1c levels more optimally. Although the quadratic
order model was also evaluated, its lowest GCV value of 3.6352
at knot points 98 and 352 is still higher than that of the best lin-
ear model. Therefore, the approach using the linear order Spline
with two knot points is considered themost appropriate for mod-
elling the relationship between fasting blood glucose and HbA1c
levels.

Based on Table 2, the nonparametric Truncated Spline re-
gression model with a linear order and two knot points at 183
and 191 was selected as the best model for the variable x2, which
is LDL cholesterol. This selection is based on the smallest GCV
value of 4.3325, indicating that this model has the lowest predic-
tion error compared to other knot point combinations. A lower
GCV value indicates that the linear order model with two knot
points can represent the relationship between LDL cholesterol

Table 2. Knot selection for the LDL cholesterol variable

Order
Knot Selection

1 Knot GCV 2 Knot GCV

Linear

193 4.4482 183; 191 4.3325
191 4.4535 183; 189 4.3561
200 4.4716 176; 191 4.3755
189 4.4820 183; 193 4.3767
207 4.4881 174; 191 4.3943
183 4.5648 176; 193 4.3967
176 4.6441 176; 189 4.3993
...

...
...

...
255 4.6473 174; 193 4.4114

Quadratic

77 4.5473 191; 200 4.5989
78 4.5480 193; 200 4.6018
81 4.5500 189; 200 4.6021
82 4.5507 189; 193 4.6053
83 4.5513 189; 207 4.6100
86 4.5526 191; 207 4.6103
89 4.5532 193; 207 4.6148
...

...
...

...
91 4.5533 189; 191 4.6170

and HbA1c levels more optimally. Although the quadratic or-
der model was also evaluated, its lowest GCV value of 4.5989
at knot points 191 and 200 is still higher than that of the best lin-
ear model. Therefore, the approach using the Truncated Spline
with a linear order and two knot points is considered the most
appropriate for modelling the relationship between LDL choles-
terol and HbA1c levels.

3.3. Estimation of the Truncated Spline Model

After selecting the model based on the GCV value, it was
found that the bestmodel formodelling the relationship between
the predictor variables, and the response variable is the nonpara-
metric linear Spline regression model with two knot points for
the variables GDP and LDL cholesterol. This model was chosen
because it has the lowest GCV value among the othermodels eval-
uated. The estimated parameter results of the model are shown
in the following Equation:

y = 2.7625 + 0.0449x1 − 0.0461 (x1 − 159) + 0.0826 (x1 − 368)

+ 0.0123x2 + 0.2407 (x2 − 183)− 0.3061(x2 − 191).
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Figure 2. Estimation of the linear truncated spline curve with 2 knot points

Table 3. Hypothesis testing for predictor variables

Variable Parameter Coefficient SE t-Value Sig. R-Squared

Fasting blood glucose (x1)

β01 2.7626 1.9392 1.4246 0.1585

0.3861

β11 0.0449 0.0135 3.3307 0.0014*
β12 -0.0460 0.0158 -2.9191 0.0046*
β13 0.0826 0.0248 3.3323 0.0013*

LDL cholesterol (x2)

β02 7.9692 0.8859 8.9960 0.0000*
β21 0.0124 0.0069 1.7893 0.0777
β22 0.2407 0.1184 2.0337 0.0456*
β23 -0.3061 0.1241 -2.4676 0.0159*

Based on the parameter estimation results from the linear
order truncated spline model with two knot points, it was found
that the relationship between fasting blood glucose and HbA1c
levels experienced a change in slope at two knot points, namely
159 and 368. Before the first knot point (x1<159), each increase
in fasting blood glucose of 1 mg/dL was associated with a 0.0449
unit increase in HbA1c levels. After the point of 159, this effect
decreased by 0.0461, causing the slope to change to a negative
value of -0.0012. However, after the second knot point (x1>368),
the effect increased again by 0.0826, making the slope positive
at 0.0814. This pattern shows that the relationship between X1

and Y is not a constant linear relationship, but rather changes at
specific value ranges.

A similar patternwas found in the relationship between LDL
cholesterol and HbA1c levels. At x2<183, every 1 mg/dL increase
in LDL cholesterol was associated with a 0.0123 unit increase in
HbA1c. After the first knot point (183), the effect increased by
0.2407 to 0.2530. However, after crossing the second knot point
(191), the effect decreased by 0.3061, causing the slope to be-
come negative at -0.0531. This indicates that the effect of LDL
on HbA1c increases sharply in the range of 183–191, but then
decreases once the LDL level exceeds 191 mg/dL. These patterns
are visualised in the regression curve shown in Figure 2.

Based on Figure 2, the curve represents the relationship be-
tween fasting blood glucose, LDL cholesterol levels, and HbA1c
levels. For fasting blood glucose, it forms linear segments with
a change in the slope direction at the knot points 159 and 368.
Meanwhile, for LDL cholesterol, the curve changes curvature at
points 183 and 191. This visualisation highlights that the trun-
cated spline approach is effective in capturing the dynamics of
the nonlinear relationship globally, while remaining linear in spe-
cific local segments.

3.4. Hypothesis Testing

The purpose of hypothesis testing is to determine whether
each predictor variable, including its spline components, signifi-
cantly contributes to the response variable. The test is performed
using a t-test for each regression coefficient, comparing the cal-
culated t-value against the t-distribution with a specific degree
of freedom, or by examining the resulting p-value. If the p-value
is smaller than the significance level (α = 0.05), the parameter is
considered statistically significant. The results of the hypothesis
testing are shown in Table 3.

Based on Table 3, it can be seen that most parameters have
a p-value<0.05, whichmeans they are statistically significant. For
variable x1, three parameters, β11, β12, and β13, are significant,
indicating that both the linear relationship and the change in the
pattern after the knot points have an impact on HbA1c levels.
However, the constant parameter β01 is not significant, meaning
it has a negligible effect on the model. For variable x2, the con-
stant parameter β02 and two spline components (β22 and β23)
are also significant. Meanwhile, the linear parameter β21 has a
p-value slightly above 0.05 (0.0777), indicating that it is not sig-
nificant at the 5% level, but it can still be considered in the inter-
pretation. These results suggest that the relationship between
GDP and LDL cholesterol, as well as HbA1c, does not follow a
specific pattern; thus, using a spline model provides more accu-
rate results.

4. Conclusion

Based on the analysis results, the relationship between
HbA1c levels and fasting blood glucose, as well as LDL choles-
terol, does not form a clear linear pattern. Therefore, nonpara-
metric approaches such as spline regression are more suitable
than ordinary linear regression. The best model obtained is the
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truncated spline regression model of linear order with two knot
points. For GDP, the optimal knot points are at values 159 and
368, while for LDL cholesterol, the knot points are at 183 and
191. This selection is based on the lowest GCV value, which in-
dicates the smallest prediction error. The estimation results and
hypothesis tests show that most of the model parameters are sta-
tistically significant. The coefficient of determination (R2) of the
final model is 0.3861, indicating that approximately 38.61% of the
variation in HbA1c levels can be explained by fasting blood glu-
cose and LDL cholesterol through the spline regression model.
This suggests that both GDP and LDL cholesterol have an impact
on HbA1c levels, with the relationship pattern shifting at specific
points. The spline approach proves to be effective in describing
the nonlinear relationship between variables.
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