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Abstract: In this study, an ordinal spline logistic regression model was developed and used to classify data on the 

nutritional status of children under five in the Gowa district, Indonesia. The nutritional status of toddlers consists of 3 

categories: malnutrition, good nutrition, and excess nutrition. So nutritional status data for toddlers can be modeled 

by ordinal spline logistic regression. The results of this study indicate that the data on the nutritional status of children 

is optimal in the ordinal spline logistic regression model using 2-knot points with a GCV value of 0.2158. The 

estimation results of the ordinal spline logistic regression model show that toddlers aged 18 months and 24 months 

tend to have a good chance of getting good nutrition. In comparison, toddlers aged 18 to 24 months tend to have a 

minimal chance of getting good nutrition, and the accuracy of the classification model of the nutritional status of 

toddlers uses the ordinal spline logistic regression of 92.25%. 
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1. INTRODUCTION 

Ordinal logistic regression is a form of logistic regression used for response variables of more than 

two categories [1], has an order [2], and is assumed to have a multinomial distribution [3]. Logistic 

regression has been developed using robust [4], principal components [5], and mixed models [6]. 

In addition, its use in data has also been widely used in various fields of science, including the use 

of logistic regression on health data [7], education [8], and socioeconomic [9]. In some cases, we 

often find unbalanced data, so the regular use of logistic regression is less accurate [10]. This is 

because classification tends to eliminate opportunities from minority classes. For this reason, 

several logistic nonparametric regressions have been developed, including spline binary logistic 

regression [11] and local polynomial logistic regression [12]. This development is in line with 

several well-known estimators in regression, including truncated spline [13], smoothing spline [14], 

penalized spline [15], and local polynomials [16]. 

In this study, we used a truncated spline estimator that involved knots in the estimation. Truncated 

splines are used because they can handle data that has changed behavior at certain intervals and 

tend to look for data estimates wherever the data pattern moves with the help of knot points [13]. 

The knot point is where the pattern of changes in functional behavior occurs at different intervals 

based on the minimum GCV value [17]. Research on health data found two patterns of changes in 

children's weight [11]. The study used spline binary logistic regression and obtained an accuracy 

of 87.5%. However, this research has not considered the three categories of response variables 

with more than two categories and has an order. Therefore, researchers will develop an ordinal 

spline logistic regression model and then apply the method to the nutritional status data of toddlers 

in the Gowa district, Indonesia. 

The nutritional status of toddlers in Indonesia can be measured by indicators of age, weight, and 

body length [18]. However, in this study, we used age as a predictor variable. There have been 

many studies on the nutritional status of toddlers by considering several factors, including 

breastfeeding [19], nutritional intake [20], formula feeding [21], and mother's knowledge [22]. 

However, the study did not show the probability level that it could occur in the age interval. 
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Therefore, we will analyze the nutritional status data, which consists of three categories: 

undernutrition, good nutrition, and overnutrition. We will use ordinal spline logistic regression 

with several knot points to see patterns of changes that might occur. 

 

2. PRELIMINARIES 

In this study, we used secondary data from the Gowa District Health Office, which consisted of 

17600 toddlers who had weighed each Posyandu in the Gowa District, Indonesia. The data consists 

of 3 categories of response variables: malnutrition, good nutrition, and excess nutrition. Toddler 

nutritional status was analyzed with the age predictor variable. 

If the response variable yi is in the form of three-level categories, then the regression model used 

is an ordinal logistic regression model. The model is assumed to have a multinomial distribution 

and is independent between observations with the probability density function as follows: 

𝑓(𝑦𝑖)  = 𝜋1(𝑥𝑗𝑖)
𝑦𝑖1

𝜋2(𝑥𝑗𝑖)
𝑦𝑖2

… 𝜋𝑠−1(𝑥𝑗𝑖)
𝑦𝑖(𝑠−1)

 

Furthermore, the model used in this study is an ordinal logistic nonparametric regression model 

with a truncated spline estimator, which can be stated as follows: 

𝜋(𝑥𝑗𝑖) =
exp(𝛼𝑠 + ∑ 𝛽𝑗𝑙𝑥𝑗𝑖

𝑙𝑞
𝑙=1 + ∑ 𝛽𝑗(𝑞+ℎ)(𝑥𝑗𝑖 − 𝑘𝑗ℎ)+

𝑞𝑟
ℎ=1 )

1 + exp(𝛼𝑠 + ∑ 𝛽𝑗𝑙𝑥𝑗𝑖
𝑙𝑞

𝑙=1 + ∑ 𝛽𝑗(𝑞+ℎ)(𝑥𝑗𝑖 − 𝑘𝑗ℎ)+
𝑞𝑟

ℎ=1 )
 

Parameter estimation is done by decomposing it using a logit transformation as follows: 

𝑙𝑜𝑔𝑖𝑡[𝑃(𝑦𝑖 ≤ 𝑠|𝑥𝑗𝑖)] = 𝛼𝑠 + ∑ 𝛽𝑗𝑙𝑥𝑗𝑖
𝑙

𝑞

𝑙=1

+ ∑ 𝛽𝑗(𝑞+ℎ)(𝑥𝑗𝑖 − 𝑘𝑗ℎ)+
𝑞

𝑟

ℎ=1

 

The function (𝑥𝑖 − 𝑘ℎ)+
𝑞

 It is a truncated polynomial that is described as follows: 

(𝑥𝑖 − 𝑘ℎ)+
𝑞 = {

(𝑥𝑖 − 𝑘ℎ)𝑞 , 𝑗𝑖𝑘𝑎 𝑥𝑖 ≥ 𝑘ℎ

0,        𝑗𝑖𝑘𝑎 𝑥𝑖 < 𝑘ℎ
 

If, in the above equation, we substitute the value q = 1,2,3, we get a spline function called a linear 

truncated spline, a quadratic truncated spline, and a cubic truncated spline. Parameter estimation 

in the ordinal spline logistic regression model uses the maximum likelihood estimation (MLE) 

method by maximizing the likelihood function. It is known that the model has a multinomial 

distribution with the probability density function as follows: 
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ℎ(𝛾) = ∏ 𝜋1(𝑥𝑗𝑖)
𝑦𝑖1

𝜋2(𝑥𝑗𝑖)
𝑦𝑖2

… 𝜋𝑠−1(𝑥𝑗𝑖)
𝑦𝑖(𝑠−1)

𝑛

𝑖=1

 

Next, it is necessary to transform the likelihood function into the natural logarithmic form so that 

the ln-likelihood function is obtained as follows: 

ln ℎ (𝛾) = ∏ ln 𝜋1(𝑥𝑗𝑖)
𝑦𝑖1

ln 𝜋2(𝑥𝑗𝑖)
𝑦𝑖2

… ln 𝜋𝑠−1(𝑥𝑗𝑖)
𝑦𝑖(𝑠−1)

𝑛

𝑖=1

 

The value of the cumulative probability function for each response category is as follows: 

For the first category: 

𝜋1(𝑥𝑗𝑖) = 𝑃(𝑌 = 1|𝑥𝑗𝑖) 

  = 𝑃(𝑌 ≤ 1|𝑥𝑗𝑖) 

  =
exp(𝛼1 + 𝑿[𝑘]𝛽)

1 + exp(𝛼1 + 𝑿[𝑘]𝛽)
 

For the second category: 

𝜋2(𝑥𝑗𝑖) = 𝑃(𝑌 = 2|𝑥𝑗𝑖) 

  = 𝑃(𝑌 ≤ 2|𝑥𝑗𝑖) − 𝑃(𝑌 ≤ 1|𝑥𝑗𝑖) 

  =
exp(𝛼2 + 𝑿[𝑘]𝛽)

1 + exp(𝛼2 + 𝑿[𝑘]𝛽)
−

exp(𝛼1 + 𝑿[𝑘]𝛽)

1 + exp(𝛼1 + 𝑿[𝑘]𝛽)
 

  =
exp(𝛼2 + 𝑿[𝑘]𝛽) − exp(𝛼1 + 𝑿[𝑘]𝛽)

[1 + exp(𝛼1 + 𝑿[𝑘]𝛽)][1 + exp(𝛼2 + 𝑿[𝑘]𝛽)]
 

For the third category: 

𝜋3(𝑥𝑗𝑖) = 𝑃(𝑌 = 3|𝑥𝑗𝑖) 

  = 1 − 𝑃(𝑌 ≤ 2|𝑥𝑗𝑖) 

  = 1 −
exp(𝛼2 + 𝑿[𝑘]𝛽)

1 + exp(𝛼2 + 𝑿[𝑘]𝛽)
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  =
1 + exp(𝛼2 + 𝑿[𝑘]𝛽)

1 + exp(𝛼2 + 𝑿[𝑘]𝛽)
−

exp(𝛼2 + 𝑿[𝑘]𝛽)

1 + exp(𝛼2 + 𝑿[𝑘]𝛽)
 

     =
1

1 + exp(𝛼2 + 𝑿[𝑘]𝛽)
 

We derive each parameter to find the maximum value of the ln-likelihood function, and then the 

derivative equals zero. The result of the derivative is a nonlinear function, so it is necessary to use 

a numerical method to obtain the parameter estimation, one of which is Newton-Raphson iterations. 

The estimation results of ordinal spline truncated logistic regression parameters are as follows: 

�̂�𝒓+𝟏 = �̂�𝒓 + (𝑿𝑻𝑿)−1(𝑿𝑻(𝒚 − 𝜋(𝑿))) 

A suitable method for selecting optimal knot points is the Generalized Cross Validation (GCV) 

method. The GCV method can be written in the following equation: 

GCV(𝑘1, 𝑘2, … , 𝑘𝑟) =
𝑀𝑆𝐸(𝑘1, 𝑘2, … , 𝑘𝑟)

[𝑛−1𝑡𝑟𝑎𝑐𝑒(𝑰 − 𝑨(𝑘1, 𝑘2, … , 𝑘𝑟))]2
 

Where 𝑀𝑆𝐸(𝑘1, 𝑘2, … , 𝑘𝑟) = 𝑛−1 ∑ (𝑦𝑖 − �̂�𝑖)
2𝑛

𝑖=1 , 𝑘  is the knot point, matrix 𝐴  is 

𝑋(𝑋𝑡𝑋)−1𝑋𝑡, 𝐼 is the identity matrices. The minimum GCV value gives the optimal knot point 

value. 

 

3. MAIN RESULTS 

Data on the nutritional status of children under five were obtained from the Gowa District Health 

Office, Indonesia; as many as 17600 children under five had malnutrition, good nutrition, and 

excess nutrition. The results of the nutritional status data plot for toddlers are shown in Figure 1. 

The percentage for the malnutrition category was 2102 toddlers or 11.94%, for the excess nutrition 

category were 1766 toddlers or 10.03%, and the rest for good nutrition was 13732 toddlers or 

78.03%. This percentage shows a significant difference in numbers between the categories of good 

nutrition with less and more nutrition. Therefore, in this study, we modeled nutritional status data 

based on the age factor using ordinal logistic regression with a truncated spline estimator. 
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Figure 1. The plot of Nutritional Status Data for Toddlers in Gowa Regency, Indonesia 

The knot point is chosen at the predictor variable interval, namely age, so the optimal knot point 

needs to be chosen to get the optimal model. For 1 knot point, the value obtained using the ordinal 

spline logistic regression model for each linear, quadratic, and cubic order is as shown in Table 1. 

For several knot points in Table 1, it can be seen that the 9-knot point in the linear order gives a 

minimum GCV value of 0.2159. Then it will be compared with the GCV value using 2-knot points 

in each linear, quadratic, and cubic order. GCV values using the ordinal spline logistic regression 

model with 2-knot points, as shown in Table 2. 

Table 1. The GCV value of the ordinal spline logistic regression model with a 1-knot point 

Knot point 
The GCV value 

Linear Quadratic Cubic 

3 0.2191 0.2179 0.2183 

6 0.2170 0.2179 0.2183 

9 0.2159 0.2179 0.2184 

12 0.2160 0.2180 0.2184 

18 0.2165 0.2182 0.2186 

24 0.2177 0.2185 0.2187 

36 0.2186 0.2187 0.2188 

48 0.2188 0.2190 0.2190 

60 0.2192 0.2192 0.2192 
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Table 2. The GCV value of the ordinal spline logistic regression model with a 2-knot point 

Knot point Knot point 
The GCV value 

Linear Quadratic Cubic 

3 9 0.2164 0.2166 0.2168 

6 12 0.2160 0.2160 0.2169 

9 18 0.2159 0.2159 0.2173 

12 24 0.2160 0.2164 0.2164 

18 24 0.2158 0.2169 0.2180 

24 36 0.2175 0.2182 0.2185 

36 48 0.2186 0.2187 0.2187 

48 60 0.2188 0.2190 0.2191 

Based on Table 2, for 2-knot points, the minimum GCV value is obtained in the linear order at 

points 18 and 24, equal to 0.2158. If the minimum GCV values obtained at the 1-knot point and 2-

knot points are compared, it can be seen that the ordinal spline logistic regression model with 2-

knot points in linear order is better to use because it gives the minimum GCV value. Therefore, 

data on the nutritional status of children under five is modeled using an ordinal spline logistic 

regression model with 2-knot points. The estimation results of the ordinal logistic regression model 

are shown in Table 3 below: 

Table 3 Estimation of the parameters of the ordinal spline logistic regression model 

Parameter Estimation Wald Sig. Information 

𝛼1 -0.1669 -2.1833 0.000 Significant 

𝛼2 0.7937 10.2892 0.000 Significant 

𝛽11 -0.0794 -12.4759 0.000 Significant 

𝛽12 0.1376 9.0248 0.000 Significant 

𝛽13 -0.0918 10.2892 0.000 Significant 

Based on Table 3 shows that age has a significant effect at a level of 5%, and the model is as 

follows: 
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𝑙𝑜𝑔𝑖𝑡[𝑃(𝑦𝑖 ≤ 1|𝑥𝑗𝑖)] = −0.1669 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+ 

𝑙𝑜𝑔𝑖𝑡[𝑃(𝑦𝑖 ≤ 2|𝑥𝑗𝑖)] = 0.7937 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+ 

Furthermore, the probability function of each response category is obtained as follows: 

�̂�1 =
exp(−0.1669 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+)

1 + exp(−0.1669 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+)
 

�̂�2 =
exp(0.7937 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+)

1 + exp(0.7937 − 0.0794𝑥1𝑖 + 0.1376(𝑥1𝑖 − 18)+ − 0.0918(𝑥1𝑖 − 24)+)
 

Based on the ordinal spline logistic regression model estimation results with 2-knot points, it shows 

three possible occurrences of toddler nutritional status based on age. First, toddlers aged 18 months 

have a 0.7549 times chance of getting good nutrition compared to toddlers over 18 months. Second, 

toddlers aged 18 to 24 months have a minimal chance of getting good nutrition compared to those 

under 18. Third, toddlers aged 24 months have a 0.3196 chance of getting good nutrition. 

Table 4. The results of the classification of the nutritional status of children under five using the 

ordinal logistic regression model 

Observation 
Prediction 

Total 
Malnutrition Good nutrition Excess nutrition 

Malnutrition 1576 368 0 1944 

Good nutrition 526 13189 295 14010 

Excess nutrition 0 175 1471 1646 

Total  2102 13732 1766 17600 

Accuracy 92.25% 

Furthermore, the results of classifying the nutritional status of children under five use the ordinal 

logistic regression model with 2-knot points, as shown in Table 3. These results show a 

classification accuracy rate of 92.25%, meaning that the ordinal spline logistic regression model 

with 2-knot points is accurate in classifying data. Of course, the model can be accurate in modeling 

data on the nutritional status of toddlers in Gowa Regency, Indonesia, with the age factor because 

it gets a tremendous accuracy value. 
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