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Abstract: Modeling HbA1c levels in patients with diabetes mellitus is commonly conducted using parametric 

regression; however, this approach is often inadequate in capturing nonlinear relationships with metabolic predictors. 

This study aims to develop a multipredictor quadratic spline regression model with confidence interval estimation to 

model HbA1c levels flexibly. The model incorporates five predictor variables: body weight, fasting blood glucose, 

HDL cholesterol, LDL cholesterol, and triglycerides, and is implemented using RStudio version 2024.12.0. The results 

clearly demonstrate nonlinear relationships between HbA1c levels and all predictors. LDL cholesterol shows the 

strongest influence. Threshold effects are observed for body weight and HDL cholesterol, while glucose and 

triglycerides exhibit moderate nonlinear patterns. The visualization of the fitted curves and confidence bands supports 

a more interpretable representation of the model. Overall, the quadratic spline regression with confidence intervals 

provides a flexible and informative framework for modeling HbA1c levels, particularly when nonlinear associations 

are present. 
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1. INTRODUCTION 

The relationship between predictor variables such as sex, age, body mass index, and glucose levels 

and HbA1c levels is commonly analyzed using parametric regression models, such as multiple 

linear regression [1]. These models are often preferred due to their ease of interpretation and simple 

computational procedures [2]. However, multiple linear regression has an important limitation: it 

assumes a specific functional form for the regression curve, such as linear or quadratic [3]. Several 

studies have shown that metabolic data patterns, including HbA1c, are complex and tend not to 

follow a linear relationship [4]. 

To overcome these limitations, researchers have increasingly developed nonparametric regression 

models. Common nonparametric approaches include kernel regression [5], local polynomial 

regression [6], and spline regression [7]. Among these methods, spline regression has become one 

of the most widely used techniques because it does not require an assumption about the functional 

form of the regression curve, offering greater flexibility in capturing complex relationship patterns 

[8]. 

Previous research has demonstrated that spline regression is highly effective for modeling data 

with nonlinear relationships [9]. For example, in a study on child growth (0–60 months), penalized 

splines were used to detect growth deceleration based on weight and height simultaneously, with 

the optimal knot points located at critical ages to show significant changes in growth rate [10]. 

Spline methods have also shown their effectiveness in numerical interpolation [11]. In addition, 

truncated splines in quantile regression have been successfully used to handle data with outliers 

and non-normal distributions [12]. 

The polynomial order used in spline regression greatly influences the shape and flexibility of the 

resulting curve [13]. For instance, linear splines (first order) tend to be overly rigid [14], whereas 

cubic splines (third order), while highly flexible, may lead to overfitting particularly with smaller 

sample sizes [15]. Consequently, this study applies quadratic splines (second order), which offer 

a balanced compromise between model complexity and estimator stability. Quadratic splines do 

not produce excessive fluctuations and are therefore well-suited for clinical or epidemiological 

data, where variation tends to be gradual [16]. 

Nevertheless, point estimates of the regression curve alone are insufficient to convey all the 

information required for statistical inference. Confidence interval estimation is recommended 

because it provides a range of plausible parameter values at a specified confidence level, thereby 

reflecting the uncertainty of the estimated parameters. For example, Setyawati et al. [17] 
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demonstrated that applying confidence intervals to nonparametric models allowed more reliable 

and accurate identification of variables affecting COVID-19 growth and mortality rates in 

Indonesia [17]. 

In light of these considerations, this study aims to develop confidence interval estimation for a 

multipredictor quadratic spline regression model to flexibly model HbA1c levels in patients with 

diabetes mellitus using predictor variables such as body weight, blood glucose levels, LDL 

cholesterol, HDL cholesterol, and triglycerides. 

 

2. PRELIMINARIES 

2.1 Multipredictor Nonparametric Regression Model 

Suppose paired data (𝑥1𝑖, 𝑥2𝑖 , … , 𝑥𝑝𝑖, 𝑦𝑖)  are given, with 𝑖 = 1,2, … , 𝑛  where 𝑥𝑗𝑖  is the j-th 

predictor variable and 𝑦𝑖 is the response variable [18].The nonparametric regression model can 

be expressed as the following equation: 

𝑦𝑖 = 𝑓(𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝) + 𝜀𝑖 (1) 

If the function in equation (1) is assumed to be additive and approximated by a quadratic spline 

function, then the regression model becomes the following equation: 

𝑦𝑖 = ∑𝑓𝑗(𝑥𝑗𝑖)

𝑝

𝑗=1

+ 𝜀𝑖 (2) 

For each function 𝑓𝑗(𝑥𝑗𝑖), the quadratic spline approximation with r knot points 𝑘1𝑗 , 𝑘2𝑗 , … , 𝑘𝑟𝑗 

Can be expressed in the following equation: 

𝑓𝑗(𝑥𝑗𝑖) = 𝛽0𝑗 + 𝛽1𝑗𝑥𝑗𝑖 + 𝛽2𝑗𝑥𝑗𝑖
2 + ∑ 𝛿ℎ𝑗

𝑟

ℎ=1

(𝑥𝑗𝑖 − 𝑘ℎ𝑗)+
2  (3) 

The notation (𝑧)+ = max⁡(0, 𝑧) Denotes a truncated function. Thus, for all predictor variables it 

can be expressed in the following equation: 

𝑦𝑖 = ∑ [𝛽0𝑗 + 𝛽1𝑗𝑥𝑗𝑖 + 𝛽2𝑗𝑥𝑗𝑖
2 + ∑ 𝛿ℎ𝑗

𝑟

ℎ=1

(𝑥𝑗𝑖 − 𝑘ℎ𝑗)+
2 ] + 𝜀𝑖

𝑝

𝑗=1

 (4) 

 

2.2 Matrix Notation of the Quadratic Spline Model 

To express the estimation form in matrix notation, we define: 

𝒚 = [𝑦1, 𝑦2, … , 𝑦𝑛]𝑇 as the vector of response variables 
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𝜺 = [𝜀1, 𝜀2, … , 𝜀𝑛]𝑇 as the error vector 

𝜷𝒋 = [𝛽0𝑗, 𝛽1𝑗, 𝛽2𝑗 , 𝛿1𝑗, … , 𝛿𝑟𝑗]
𝑇

∈ ℝ3+𝑟 as the parameter vector for the j-th predictor 

Next, the matrix 𝑿𝒋 ∈ ℝ𝑛(3+𝑟) It is defined as follows: 

𝑿𝒋 =

[
 
 
 
 
 1 𝑥𝑗1 𝑥𝑗1

2 (𝑥𝑗1 − 𝑘1𝑗)+

2

1 𝑥𝑗2 𝑥𝑗2
2 (𝑥𝑗2 − 𝑘1𝑗)+

2

⋮
1

⋮⁡⁡⁡⁡⁡ ⋮

𝑥𝑗𝑛 𝑥𝑗𝑛
2

⋮

(𝑥𝑗𝑛 − 𝑘1𝑗)+

2

⁡⁡⁡⁡

⋯
⋯
⋱
⋯

⁡⁡⁡⁡

(𝑥𝑗1 − 𝑘𝑟𝑗)+

2

(𝑥𝑗2 − 𝑘𝑟𝑗)+

2

⋮

(𝑥𝑗𝑛 − 𝑘𝑟𝑗)+

2

]
 
 
 
 
 

 (5) 

The combination for all predictor variables 𝑗 = 1,2, … , 𝑝 Can be written as follows: 

𝑿 = [𝑿𝟏, 𝑿𝟐, … , 𝑿𝒑] ∈ ℝ𝑛×𝑝(3+𝑟) is the combined design matrix for all predictor variables 

𝜷 = [𝜷𝟏, 𝜷𝟐, … , 𝜷𝒑]
𝑻

∈ ℝ𝑝(3+𝑟) is the combined parameter vector. 

Thus, the quadratic spline regression model can be written in matrix form as: 

𝒚 = 𝑿𝜷 + ⁡𝜺, 𝜺~𝑁(0, 𝜎2) (6) 

2.3 Parameter Estimation Multipredictor Quadratic Spline  

The parameter estimation is carried out using the Least Squares Estimation (LSE) method. The 

goodness-of-fit function is defined as: 

𝑄(𝜷) = (𝒚 − 𝑿𝜷)𝑻(𝒚 − 𝑿𝜷) (7) 

To obtain the estimated result, the function 𝑄(𝜷) is differentiated with respect to𝜷, yielding the 

following parameter estimator: 

𝜷̂ = (𝑿𝑻𝑿)−𝟏𝑿𝑻𝒚 (8) 

The variance of the parameter estimator is: 

𝑉𝑎𝑟(𝜷̂) = 𝜎2(𝑿𝑻𝑿)−𝟏 (9) 

The error variance estimator is given by: 

𝜎2 =
1

𝑛 − 𝑝
∑(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

𝑖=1

 (10) 

2.4 Confidence Interval (CI) 

The 95% confidence interval for each coefficient 𝛽̂𝑗 Is given by: 

𝛽̂𝑗 ± 𝑡1−𝛼/2,𝑑𝑓√𝜎̂2[(𝑿𝑻𝑿)−𝟏] (11) 
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Where: 

𝑡1−𝛼/2,𝑑𝑓 Is the critical value from the Student’s t-distribution 

𝑑𝑓 = 𝑛 − 𝑝 is the residual degrees of freedom 

This confidence interval measures the level of certainty that the true coefficient lies within a 

specific range and is essential for assessing both the significance and stability of the parameters. 

2.5 Generalized Cross Validation (GCV) 

The selection of optimal knot points in the spline regression model is carried out using the GCV 

method: 

GCV[𝑘1𝑗 , 𝑘2𝑗 , … , 𝑘𝑟𝑗] =
𝑀𝑆𝐸(𝑘1𝑗 , 𝑘2𝑗 , … , 𝑘𝑟𝑗)

[𝑛−1𝑡𝑟𝑎𝑐𝑒 (𝑰𝒏 ⁡− 𝑨(𝑘1𝑗 , 𝑘2𝑗 , … , 𝑘𝑟𝑗))]2
 (12) 

where 𝑀𝑆𝐸(𝑘1𝑗, 𝑘2𝑗 , … , 𝑘𝑟𝑗) = 𝑛−1 ∑ (𝑦𝑖 − 𝑦̂𝑖)
2𝑛

𝑖=1 , 𝑘1𝑗 , 𝑘2𝑗 , … , 𝑘𝑟𝑗 Represents the knot points, 

matrix A is 𝑿(𝑿𝑇𝑿)−𝟏𝑿𝑇  and 𝑰𝒏  Is the identity matrix [19]. The optimal knot points in the 

multipredictor quadratic spline model are determined based on the minimum value of GCV [20]. 

 

3. MAIN RESULTS 

3.1 Exploratory Data Analysis 

This study examines the relationship patterns between HbA1c levels and each predictor variable, 

namely body weight, fasting blood glucose, HDL cholesterol, LDL cholesterol, and triglycerides, 

using initial visualization through scatter plots, as presented in Figure 1. This visualization was 

intended to evaluate the form of the relationships between each predictor and the response variable. 

The scatter plots reveal that the relationships between most predictor variables and HbA1c levels 

do not follow a clear linear pattern and appear randomly dispersed. This observation further 

highlights the need for a multivariate quadratic spline regression approach, which is specifically 

designed to capture nonlinear variations with greater flexibility than conventional linear regression 

models. 
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Figure 1. Scatter Plot of HbA1c with Predictor Variables 

3.2 Knot Selection 

Knot selection is a critical step in constructing a quadratic spline regression model, as the knot 

locations determine where the regression curve changes direction, directly influencing the model's 

flexibility. In this study, the knot points were determined based on the minimum GCV value, a 

common evaluation criterion in nonparametric modeling that balances goodness-of-fit and model 

complexity. The GCV values were calculated numerically using RStudio by testing a range of 

candidate values for each predictor variable, as shown in Table 1. The optimal knot points were 

identified at 80 for body weight, 352 for fasting glucose, 32 for HDL cholesterol, 50 for LDL 

cholesterol, and 34 for triglycerides. 

Table 1. Selection of Optimal Knot Points 

X1 GCV X2 GCV X3 GCV X4 GCV X5 GCV 

80 3.678 352 3.747 55 3.800 73 3.161 65 3.748 

82 3.713 348 3.749 51 3.814 77 3.169 67 3.749 

77 3.786 333 3.787 49 3.821 81 3.178 69 3.750 

76 3.808 329 3.797 48 3.824 82 3.181 71 3.751 

75 3.822 326 3.803 47 3.827 83 3.183 82 3.760 

72 3.853 325 3.804 46 3.829 86 3.191 87 3.766 

51 3.859 324 3.805 32 3.830 97 3.225 89 3.768 

55 3.859 296 3.830 45 3.831 110 3.275 90 3.769 

71 3.860 292 3.832 44 3.832 115 3.296 94 3.775 

50 3.860 121 3.837 35 3.833 118 3.310 99 3.782 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

65 3.871 230 3.858 63 3.759 288 3.565 231 3.888 

3.3 HbA1c Level Model in Diabetes Mellitus Patients 

Model the relationship between HbA1c levels and the predictor variables, namely body weight 

(x1), blood glucose (x2), HDL cholesterol (x3), LDL cholesterol (x4), and triglycerides (x5). A 

quadratic spline regression model with one knot point per predictor is used, as shown in Table 2. 
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Table 2. Estimation of Confidence Intervals for Multipredictor Quadratic Spline 

Coefficient Estimated Std. Error 
Confidence Interval 

Lower Upper 

Intercept -3.032 17.039 -37.830 31.765 

𝑥1 0.049 0.356 -0.679 0.777 

𝑥1
2 -0.001 0.003 -0.006 0.005 

(𝑥1 − 80)2 -0.256 0.283 -0.833 0.321 

𝑥2 0.009 0.028 -0.048 0.066 

𝑥2
2 0.000 0.000 0.000 0.000 

(𝑥2 − 352)2 0.002 0.003 -0.004 0.007 

𝑥3 0.095 0.142 -0.194 0.384 

𝑥3
2 -0.001 0.002 -0.006 0.003 

(𝑥3 − 55)2 0.013 0.021 -0.029 0.055 

𝑥4 0.203 0.431 -0.677 1.084 

𝑥4
2 -0.001 0.003 -0.007 0.005 

(𝑥4 − 73)2 0.001 0.003 -0.005 0.007 

𝑥5 0.031 0.324 -0.630 0.692 

𝑥5
2 0.000 0.003 -0.005 0.005 

(𝑥5 − 65)2 0.000 0.003 -0.005 0.005 

 

The selection of knot points is based on the minimum GCV values: 80 for body weight, 352 for 

glucose, 55 for HDL, 73 for LDL, and 65 for triglycerides. The multipredictor quadratic spline 

regression model for HbA1c level is expressed in the following equation: 

𝑦 = −3.0323 + 0.0492𝑥1 − 0.0005𝑥1
2 − 0.2560(𝑥1 − 80)2 + 0.0088𝑥2 + 0.0000𝑥2

2 

       +0.0017(𝑥2 − 352)2 + 0.0947𝑥3 − 0.0015𝑥3
2 + 0.0131(𝑥3 − 55)2 + 0.2032𝑥4 

       −0.0013𝑥4
2 + 0.0012(𝑥4 − 73)2 + 0.0308𝑥5 − 0.0001𝑥5

2 + 0.0001(𝑥5 − 65)2 

The model shows that each predictor variable has a different and nonlinear influence on HbA1c 

levels. The body weight variable (𝑥1) has a complex relationship with HbA1c. The positive linear 

coefficient indicates that an increase in body weight is initially correlated with an increase in 

HbA1c. However, the negative quadratic coefficient and the negative quadratic spline at the 80 kg 

knot point indicate that, after surpassing this threshold, the effect decreases, suggesting a possible 

protective effect of higher body weight or better metabolic control in certain groups. 

Blood glucose (𝑥2) exerts a small but consistent positive effect on HbA1c. The positive linear 

coefficient and the spline component at 352 mg/dL indicate that at very high glucose levels, the 
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effect on HbA1c tends to increase. However, overall this relationship appears flat, as reflected in 

the very small quadratic coefficient, which approaches zero. HDL cholesterol (𝑥3) shows an 

interesting effect, where an increase in HDL is linearly associated with higher HbA1c. Still, there 

is a negative quadratic effect suggesting a saturation point or upper threshold, beyond which 

further increases in HDL no longer contribute to HbA1c elevation. The spline effect at 55 mg/dL 

reinforces this pattern change, which may reflect a clinical threshold. 

LDL cholesterol (𝑥4)⁡is the strongest predictor, with the highest linear coefficient (0.2032). This 

indicates that an increase in LDL levels is directly associated with higher HbA1c levels. However, 

the negative quadratic coefficient and the positive spline component at 73 mg/dL indicate that the 

effect is also curved, with the impact of LDL diminishing at very high concentrations. 

Triglycerides (𝑥5) have a relatively small but still relevant effect. The positive linear coefficient 

and negative quadratic coefficient suggest a downward-curved relationship, while the spline 

component at 65 mg/dL provides additional flexibility in the model. This indicates that although 

triglycerides are not the primary predictor, they still contribute to variation in HbA1c, particularly 

around specific thresholds. 

To understand the relationship patterns between each predictor variable and HbA1c levels in 

patients with diabetes mellitus, a visualization was performed using curves from the quadratic 

spline regression model, as shown in Figure 2. This visualization aims to display the nonlinear 

relationship patterns that conventional linear regression models may not adequately capture. 

 

   

  

Figure 2. Estimation of Confidence Intervals for Multipredictor Quadratic Spline 
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Each graph displays actual observation points as black dots, the red line as the model’s predicted 

curve, and the blue shading as the 95% confidence interval that reflects the uncertainty of model 

estimates across different ranges of predictor values. This visualization provides a more 

comprehensive depiction of how HbA1c levels change with variations in each predictor, while also 

highlighting the important contribution of spline approaches in capturing clinically relevant 

nonlinear patterns. This analysis is not only useful in statistical contexts but also has important 

implications for medical practice in understanding the dynamics of biochemical parameters in 

long-term glucose control. 
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