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Abstract: In recent years, the Estimator of Fourier Series Nonparametric Regression (FSNR) for quantitative data has 

generated a lot of attention. In practice, though, there is frequently a correlation between predictor and response, with 

categorical data serving as the response. Only certain techniques are used in some of the methodologies created today 

to address the health case of qualitative response data. No previous study can handle health data using FSNR estimator. 

This study presents a novel approach FSNR estimator with response variables in the form of categorical data 

specifically within the context of public health research. The research methods used are theoretical and application 

studies. The FSNR estimators method for categorical data assumes a relationship between the logit function and 

predictor variables that has a repeating pattern. The Newton-Raphson technique and MLE were used to obtain the 

FSNR estimators. To apply this method, we used application data status of unmet need in East Java Province in 2023. 

The unmet need rate in East Java was quite high, reaching 12.97 percent, while the target is 11.74 percent. Because of 

the lower deviance value, greater AUC, and Press's Q values, the results show that the FSNR offers much superior 

estimation results and accuracy for data applications. 

Keywords: categorical data; Fourier series; Fourier series nonparametric regression; binary logistic regression; unmet 

need. 
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1. INTRODUCTION 

When the regression curve's function exhibits a Fourier Series pattern, FSNR can be used to 

ascertain the link between the predictors and response variable. It is expected that the 

nonparametric regression curve falls into a particular function space. The data were to form their 

own estimates independently. The nonparametric regression method is hence very adaptable.  

Smoothing techniques can be used to execute the nonparametric approach based on observed data.  

The Spline estimator is one of several smoothing methods [1], Fourier Series estimator [2], 

Wavelet estimator [3], Kernel estimator [4], and Local Polynomial [5]. 

Data with varying patterns that rely on knot points are subjected to spline estimators [1]. The 

local polynomial estimator has been utilized in nonparametric regression with two or more 

response variables in order to decrease its asymptotic variance and bias characteristics [6]. Wavelet 

estimator that has been used to model observations of a signal contaminated with noise, which is 

Gaussian distributed and additive [7]. The Fourier Series estimator is used for patterned data that 

tend to repeat [2]. Among these estimators, the Fourier Series method was used to. This method is 

very specialized and well used in data cases in which the predictor and response variables exhibit 

a repeating pattern following a certain trend [8]. The Fourier Series estimator best optimizes the 

accuracy and computational cost of additive nonparametric regression models [9]. In addition to 

predictors using a single predictor variable (univariable), also known as multivariable predictors 

[10, 11]. 

First proposed by [2], the Fourier Series was further examined in nonparametric regression 

by [7]. Moreover, the Fourier Series was used in semiparametric regression by [12]. Using Fourier 

series, [13] created a birresponse semiparametric regression. [14, 15, 16] transformed it into an 

FSNR mixture estimator. and a Fourier Series Semiparametric Regression (FSSR) mixture 

estimator by [17]. However, previous studies that developed using this method only used 

quantitative data, such as [18, 19, 20, 21]. However, these approaches rely on specific basis 

functions and none have explored the use of Fourier Series Nonparametric Regression (FSNR) for 

categorical health data. This represents a significant gap in the current methodology, particularly 

given the complexity and periodic nature of many health-related phenomena. 

Nonparametric regression estimators have been created by some researchers for handling 

categorical data, such as [22] using Local Likelihood Logit Estimation, [23] using the Decision 

Tree approach, and [24] using the B-Spline function and recently, [25, 26] have developed 

estimators for nonparametric regression using categorical data. These investigations only 
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employed specific functions. No prior research has used a Fourier Series function to create an 

FSNR estimator for categorical response health data. Figure 1 shows the difference between 

nonparametric regression and simple logistic regression with categorical data. The Coronary Heart 

Disease (CHD) and age status of 100 patients serve as an illustration of the reference we employed. 

 

Figure 1. Percentage of subjects with CHD in each group 

The plot may not always follow a linear trend, as shown in Figure 1, which occasionally leads to 

recurring and non-patterned patterns. For quantitative data, a traditional nonparametric regression 

estimator typically produces significant errors. 

Unmet need refers to a condition in which a woman of reproductive age wishes to avoid or 

delay pregnancy but is not using any form of contraception. This situation represents a significant 

challenge for family planning programs, particularly in developing district such as East Java. In 

2023, the unmet need rate in East Java, based on data from the Family Planning Information 

System (SIGA-YAN) , an information system used by National Population and Family Planning 

Agency (BKKBN) to collect and analyze data related to family planning as of June 16, 2023, was 

still high, reaching 12.97% (https://siga.bkkbn.go.id/). The unmet need target set is 11.74%. This 

indicates that there are still many couples of childbearing age in East Java who have unmet family 

planning needs. Despite ongoing efforts to promote reproductive health, the prevalence of unmet 

need remains high, indicating gaps in access, education, or service delivery. This issue not only 

impacts individual health and autonomy but also contributes to broader public health concerns, 

such as unplanned pregnancies, maternal mortality, and overpopulation. Some researchers who 

solve unmet need cases such [27, 28, 29]. 

In this study, the unmet need status among women in East Java Province in 2023 serves as 

the primary case for applying the newly developed Fourier Series Nonparametric Regression 

(FSNR) estimator. By modeling the logit function with a Fourier Series basis, our method is 
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capable of capturing periodic and nonlinear trends in predictor variables. This approach holds 

significant potential for improving the accuracy of classification models in public health 

applications, particularly where patterns in data are cyclical or not well described by standard 

models. 

 

2. PRELIMINARIES 

2.1 Fourier Series Nonparametric Regression (FSNR) 

FSNR is a model Fourier Series nonparametric functions. Given paired data (𝑦𝑖, 𝑧𝑙𝑖) and the 

relationship between 𝑦𝑖 , 𝑧𝑙𝑖 is assumed to follow a FSNR model (1) [16]. 

𝑦𝑖 = 𝑔(𝑧𝑗𝑖) + 𝜀𝑖 , 𝑖 = 1,2, … , 𝑛              (1) 

where 𝑦𝑖  is response variable, 𝑔(𝑧𝑗𝑖)  are approximated using Fourier Series nonparametric 

function and 𝜀𝑖 is the error for the model. 

The function 𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖) is approximated by a nonparametric function using Fourier Series 

(2). 

𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖) = ∑ (𝑏𝑙𝑧𝑙𝑖 +
1

2
𝑎0𝑙 + ∑ 𝑎𝑠𝑙 cos 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )𝑞

𝑙=1 ;  𝑖 = 1,2, … 𝑛    (2) 

Where, 𝑏𝑙 , 𝑎0𝑙 and 𝑎𝑠𝑙 , 𝑙 = 1,2, … , 𝑞 , 𝑠 = 1,2, … , 𝑆 are the model parameters in the Fourier 

Series function. 

 

2.2 Binary Logistic Regression (BLR) 

The BLR model is a probability based-model where the response variable is expressed as the logit 

of the probability of a given outcome, contigent upon spesific predictor variables [30]. 𝜋(𝒙𝒊) 

represents the model (3). 

𝜋(𝒙𝒊) =  
𝑒𝛿0+𝛿1𝑥1𝑖+𝛿2𝑥2𝑖+⋯+𝛿𝑤𝑥𝑤𝑖 

1+𝑒𝛿0+𝛿1𝑥1𝑖+𝛿2𝑥2𝑖+⋯+𝛿𝑤𝑥𝑤𝑖 
 , 𝑖 = 1,2, … , 𝑛          (3) 

The response variable in BLR will have a probability of 𝜋(𝒙𝒊) if it is 1, and has a probability 

value of 1 − 𝜋(𝒙𝒊) if it is 0, 𝛿0, 𝛿1, 𝛿2, … , 𝛿𝑤 are the parameters model, 𝑥1𝑖, 𝑥2𝑖, … , 𝑥𝑤𝑖 are the 

predictor variables, and 𝑤 is the number of predictor variable. 

2.3 Maximum Likelihood Estimation (MLE) 

MLE is the joint probability function in a random sample through maximize the likelihood function 

[31]. Each part of data is considered independent so that the likelihood function is a combination 
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of the distribution function for each pair. The likelihood function (4) is defined as. 

𝑙(𝜽) =  ∏ 𝑃(𝑌𝑖 =  𝑦𝑖)
𝑛
𝑖=1                (4) 

The estimator 𝜽̂ is obtained by deriving the likelihood function equation for 𝜽 and then equaling 

by 0. 

2.4 Unmet Need 

When developing family planning policies, one of the key ideas used is the definition of unmet 

need. According to [32], the percentage of women who do not currently use a form of contraception 

and do not wish to delay pregnancy or have more children is known as the unmet need. According 

to BKKBN, unmet need for family planning is the percentage of women of childbearing age who 

do not want to have more children, or want to postpone their next birth, but do not use a 

contraceptive method or method. According to the Demographic and Health Survey, unmet need 

for family planning is the proportion of married or cohabiting (sexually active) women of 

childbearing age who do not want another child or who want to delay their next birth for at least 2 

years but do not use contraceptives. 

 

3. MAIN RESULTS 

3.1 Parameter Estimation 

Building an FSNR model, then generating a Log Likelihood function and deriving it for each 

model parameter are the necessary procedures in order to generate an FSNR estimator for 

categorical data. The Newton–Raphson iteration was used to conduct numerical iterations at the 

end. 

Probability Distribution 

Given 𝑧1,  𝑧2,  …  ,  𝑧𝑞  , are as many as 𝑞  predictor variables in FSNR. The variable 𝑌  is a 

random Bernoulli distribution variable with a specific probability. With a certain probability, the 

variable 𝑌 is a random Bernoulli distribution variable. 

𝑌 ~ 𝐵(1, π(𝒛)), 𝒛 = 𝑧1,  𝑧2,  …  ,  𝑧𝑞  

where the success probability is defined as 

𝑃(𝑌𝑖 =  1) = π(𝒛𝒊) 

and the unsuccessful probability is defined as  

𝑃(𝑌𝑖 =  0) = 1 − π(𝒛𝒊) 

The probability distribution function 𝑃(𝑌𝑖  =  𝑦𝑖) is defined by π(𝒛𝒊) for each 𝑖. 
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𝑃(𝑌𝑖  =  𝑦𝑖) = π(𝒛𝒊)
𝑦𝑖(1 − π(𝒛𝒊))

1−𝑦𝑖
= (

π(𝒛𝒊)

1−π(𝒛𝒊)
)

𝑦𝑖

(1 − π(𝒛𝒊))     (5) 

Logit Function (Link Function) 

Then, the equation (5) can be expressed as a natural logarithmic function (ln) 

ln 𝑃(𝑌𝑖  =  𝑦𝑖) =  𝑦𝑖  ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
)
 

+ ln(1 − π(𝒛𝒊))         (6) 

The ln function (6) creates the following exponential family distribution function when expressed 

in exponential form. 

exp(ln𝑃(𝑌𝑖  =  𝑦𝑖))  = exp (𝑦𝑖  ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
)
 

+ ln(1 − π(𝒛𝒊)))      (7) 

When the exponential family distribution function is defined as follows (8) after solving equation 

(7). 

𝑓(𝑦𝑖, 𝜃) = exp (
𝑦𝑖 𝜃−𝑏(𝜃) 

𝑎(∅)
+ 𝑐(𝜃, ∅))            (8) 

As a result, the exponential family of distribution functions includes its probability distribution 

function (9). 

𝑃(𝑌𝑖  =  𝑦𝑖) = exp(
𝑦𝑖  ln(

π(𝒛𝒊)

1−π(𝒛𝒊)
)
 

1
+ ln(1 − π(𝒛𝒊)))         (9) 

where,  

𝜃       = ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
)    𝑎(∅)     = 1  

𝑏(𝜃) = ln(1 − π(𝒛𝒊))    𝑐(𝜃, ∅) = 0 

𝜃 in function (9) is a logit function, then the logit function (10) for the regression obtained is 

𝜃 = ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
)                (10) 

The logit function, often known as the link function, makes parameter estimation easier and 

streamlines lengthy regression models.  Logit transformation is used to do this. 

Logit Transformation Model 

Logit transformation model (11) is defined as follows. 

ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
) = 𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖)             (11) 

where 𝑔 is a regression equation or regression function (regression curve) that follows an additive 

model. The function is approximated non-parametrically. Using Fourier Series for 

𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖) in equation (2). 

So, logit transformation of FSNR model (12) is defined as follows. 
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ln (
π(𝒛𝒊)

1−π(𝒛𝒊)
) = ∑ (𝑏𝑙𝑧𝑙𝑖 +

1

2
𝑎0𝑙 + ∑ 𝑎𝑠𝑙 cos 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )𝑞

𝑙=1 ;  𝑖 = 1,2, … 𝑛     (12) 

By the function (12), FSNR model for categorical data (13) as follows. 

𝜋(𝒙𝒊) =  
𝑒

∑ (𝑏𝑙𝑧𝑙𝑖+
1
2
𝑎0𝑙+∑ 𝑎𝑠𝑙 cos 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )

𝑞
𝑙=1

1+𝑒
∑ (𝑏𝑙𝑧𝑙𝑖+

1
2
𝑎0𝑙+∑ 𝑎𝑠𝑙 cos 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )

𝑞
𝑙=1

            (13) 

Likelihood Function 𝑙(𝜽) 

The form of the likelihood function is obtained 𝑙(𝜽) 

where, 

𝜽 = (𝑏1 𝑎01 𝑎11 … 𝑎𝑆1 ⋮ ⋯ ⋮ 𝑏𝑞 𝑎0𝑞
𝑎1𝑞 … 𝑎𝑆𝑞)  

using the Maximum Likelihood Estimation (MLE) method. 

𝑙(𝜽) =  ∏ 𝑃(𝑌𝑖 =  𝑦𝑖)
𝑛
𝑖=1 = π(𝒛𝒊)

∑ 𝑦𝑛
𝑖=1 𝑖(1 − π(𝒛𝒊))

𝑛−∑ 𝑦𝑛
𝑖=1 𝑖       (14) 

By maximizing the log likelihood function's first derivative, the MLE approach can be used to 

estimate parameters in logistic regression.  It is simple to maximize the likelihood function (14) 

as follows: ln 𝑙(𝜽). 

Log-Likelihood Function 𝐿(𝜽)  

ln [𝑙(𝜽)] = 𝐿(𝜽) = ∑ 𝑦𝑖 ln[π(𝒛𝒊)]
𝑛

𝑖=1
+ ∑ (1 − 𝑦𝑖) ln[1 − π(𝒛𝒊)]

𝑛

𝑖=1
 

= ∑ {𝑦𝑖 (𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖))− ln[1 + exp( 𝑔(𝑧1𝑖,  …  ,  𝑧𝑞𝑖))]}
𝑛
𝑖=1       (15) 

The estimator 𝜽̂ is determined by computing the partial derivatives of equation (15) with respect 

to 𝑏𝑙, 𝑎0𝑙, and 𝑎𝑠𝑙, and setting them to zero. 

𝜕 𝐿(𝜽) 

𝜕𝑏𝑙
= 0 ;  𝑙 = 1,2, … , 𝑞  

𝜕 𝐿(𝜽) 

𝜕𝑎0𝑙
= 0 ;  𝑙 = 1,2, … , 𝑞  

𝜕 𝐿(𝜽) 

𝜕𝑎𝑠𝑙
= 0 ;  𝑠 = 1,2, … , 𝑆 ;  𝑙 = 1,2, … , 𝑞  

The estimator 𝒃̂ will be obtained through equation (16). 

∑ {(𝑦𝑖 −  π(𝒛𝒊))𝑧𝑙𝑖}
𝑛
𝑖=1 = 0               (16) 

The estimator 𝒂𝟎̂ will be obtained through equation (17). 

∑ {
1

2
(𝑦𝑖 −  π(𝒛𝒊))}

𝑛
𝑖=1 = 0               (17) 

The estimator 𝒂𝒔̂ will be obtained through equation (18). 
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∑ {∑ cos 𝑘𝑧𝑙𝑖
𝑆
𝑠=1 (𝑦𝑖 −  π(𝒛𝒊))}

𝑛
𝑖=1 = 0            (18) 

Newton-Raphson Iteration 

Since the derivative of 𝐿(𝜽)  (15) with respect to  𝑏𝑙 , 𝑎0𝑙, 𝑎𝑠𝑙  given by the implicit equation's 

derivative is not in closed form, numerical iteration with the Newton-Raphson method must be 

employed. 

𝜽(𝑡+1) =  𝜽(𝑡) −  (𝐻(𝜽)(𝑡))
−1

𝑔(𝜽)(𝑡)            (19) 

where 𝜽(𝑡) is the 𝜽 of the t-th iteration, t=1,2,..., converged. 

𝜽(𝑡) = (𝑏𝑞
(𝑡) 𝑎0𝑞

(𝑡) 𝑎1𝑞
(𝑡) … 𝑎𝑆𝑞

(𝑡))  

while 𝑔(𝜽) is the gradient vector of 𝜽 and 𝐻(𝜽) is the Hessian matrix of 𝜽 in function (19), 

with the following equation. 

𝑔(𝜽) =  (
𝜕𝐿(𝜽)

𝜕𝑏1
,
𝜕𝐿(𝜽)

𝜕𝑎01
,
𝜕𝐿(𝜽)

𝜕𝑎11
, ⋯ ,

𝜕𝐿(𝜽)

𝜕𝑎𝑆1
, ⋯ ,

𝜕𝐿(𝜽)

𝜕𝑏𝑞
,
𝜕𝐿(𝜽)

𝜕𝑎0𝑞
,
𝜕𝐿(𝜽)

𝜕𝑎1𝑞
, ⋯ ,

𝜕𝐿(𝜽)

𝜕𝑎𝑆𝑞
)
𝑇

  

𝐻(𝜽)  =

[
 
 
 
 
 
 

𝜕2𝐿(𝜽)

𝜕𝑏1
2

𝜕2𝐿(𝜽)

𝜕𝑏1𝜕𝑎01

𝜕2𝐿(𝜽)

𝜕𝑎01𝜕𝑏1

𝜕2𝐿(𝜽)

𝜕𝑎01
2

⋯
𝜕2𝐿(𝜽)

𝜕𝑏1𝜕𝑎𝑆𝑞

⋯
𝜕2𝐿(𝜽)

𝜕𝑎01𝜕𝑎𝑆𝑞

⋮ ⋮
𝜕2𝐿(𝜽)

𝜕𝑎𝑆𝑞𝜕𝑏1

𝜕2𝐿(𝜽)

𝜕𝑎𝑆𝑞𝜕𝑎01

⋱ ⋮

⋯
𝜕2𝐿(𝜽)

𝜕𝑎𝑆𝑞
2 ]

 
 
 
 
 
 

  

The elements of vector 𝑔(𝜽) are obtained from the first derivative of function 𝐿(𝜽) with respect 

to  𝑏𝑙, 𝑎0𝑙, 𝑎𝑠𝑙 , while matrix 𝐻(𝜽)  are obtained from the second derivative of function 𝐿(𝜽) 

with respect to  𝑏𝑤, 𝑎0𝑤, 𝑎𝑠𝑤. 

The first derivative of function 𝐿(𝜽) with respect to  𝑏𝑙 , 𝑎0𝑙, 𝑎𝑠𝑙 yields the elements of vector 

g(θ), whereas the second derivative of function 𝐿(𝜽) with respect to 𝑏𝑤, 𝑎0𝑤, 𝑎𝑠𝑤 yields matrix 

H(θ). 

Second Derivative of 𝐿(𝜽) Function with Respect to 𝑏𝑢  

𝜕2𝐿(𝜽)

𝜕𝑏𝑣𝜕𝑏𝑙
= −∑ 𝑥𝑙𝑖𝑥𝑣𝑖

𝑛
𝑖=1 π(𝒛𝒊)(1 − π(𝒛𝒊))           (20) 

Following the same procedure (20), equation (21) yields the parameter's second derivative. 

𝜕2𝐿(𝜽)

𝜕𝑎𝑘𝑣𝜕𝑏𝑙
= −∑ ∑ π(𝒛𝒊)(1 − π(𝒛𝒊))𝑥𝑙𝑖 cos 𝑘𝑥𝑣𝑖

𝐾
𝑘=1

𝑛
𝑖=1          (21) 

Second Derivative of 𝐿(𝜽) Function with Respect to 𝑎0𝑢 

𝜕2𝐿(𝜽)

𝜕𝑎0𝑣𝜕𝑎0𝑙
= −

1

4
∑ π(𝒛𝒊) (1 − π(𝒛𝒊))

𝑛
𝑖=1              (22) 
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The second derivative of the parameter combination (21) is derived in the same way as in equation 

(22). 

𝜕2𝐿(𝜽)

𝜕𝑎𝑘𝑣𝜕𝑎0𝑙
= −

1

2
∑ ∑ π(𝒛𝒊)(1 − π(𝒛𝒊)) cos 𝑘𝑥𝑣𝑖

𝐾
𝑘=1

𝑛
𝑖=1             (23) 

Second Derivative of 𝐿(𝜽) Function with Respect to 𝑎𝑘𝑢  

𝜕2𝐿(𝜽)

𝜕𝑎𝑘𝑣𝜕𝑎𝑘𝑙
= −∑ ∑ cos 𝑘𝑥𝑙𝑖

𝐾
𝑘=1 ∑ cos 𝑘𝑥𝑣𝑖

𝐾
𝑘=1 π(𝒛𝒊)(1 − π(𝒛𝒊))

𝑛
𝑖=1       (24) 

Equation (25) yields the second derivative of the parameter combination in the same way as (24). 

𝜕2𝐿(𝜽)

𝜕𝑎0𝑣𝜕𝑎𝑘𝑙
= −

1

2
∑ ∑ π(𝒛𝒊)(1 − π(𝒛𝒊)) cos 𝑘𝑥𝑙𝑖

𝐾
𝑘=1

𝑛
𝑖=1          (25) 

Estimator 𝜽̂ 

When employing function (26), 𝜽̂ will be derived from the Newton-Raphson iteration equation. 

|𝜽(𝑡+1) − 𝜽(𝑡)| < 𝜀,  𝜀 = 0,000001             (26) 

Thus, the estimator 𝜽̂ is 

𝜽̂ = (𝑏̂1 𝑎̂01 𝑎̂11 … 𝑎̂𝑆1 ⋮ ⋯ ⋮ 𝑏̂𝑞 𝑎̂0𝑞 𝑎̂1𝑞 … 𝑎̂𝑆𝑞) 

A FSNR model for categorical data can be written using the estimator 𝜽̂.  

𝜋̂(𝒛𝒊) =  
𝑒

𝑏̂1𝑧1𝑖+
1
2
𝑎̂01+𝑎̂11 cos𝑧1𝑖+⋯+𝑎̂𝑆1 cos𝑆𝑧1𝑖+⋯+𝑏̂𝑞𝑧𝑞𝑖+

1
2
𝑎̂0𝑞+𝑎̂1𝑞 cos 𝑧𝑞𝑖+⋯+𝑎̂𝑆𝑞 cos𝑆𝑧𝑞𝑖

1+𝑒
𝑏̂1𝑧1𝑖+

1
2
𝑎̂01+𝑎̂11 cos 𝑧1𝑖+⋯+𝑎̂𝑆1 cos𝑆𝑧1𝑖+⋯+𝑏̂𝑞𝑧𝑞𝑖+

1
2
𝑎̂0𝑞+𝑎̂1𝑞 cos 𝑧𝑞𝑖+⋯+𝑎̂𝑆𝑞 cos𝑆𝑧𝑞𝑖

  (27) 

𝑏̂𝑞 , 𝑎̂0𝑞 ,  and 𝑎̂𝑠𝑞 are the respective estimators for the Fourier Series functions in equation (27), 

given the predictor variables 𝑧𝑞, with oscillation parameter 𝑠 and number of predictor variables 

of Fourier Series 𝑞. 

3.2 Application of the FSNR Model 

In applying the multivariable FSNR method for categorical data, we use application data the status 

of unmet need in East Java Province in 2023. The data used is secondary data sourced from 

dynamic tables on the BKKBN website as well as the Provincial publications in figures of East 

Java province. The data consists of 38 district with 1 response variable (𝑦) and 3 predictor variables 

(𝑥). The variables are detailed in Table 1. 
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Table 1. Variable Description 

Variable Notation Description  Unit Scale 

Response 𝑦 Status of Unmet Need 
 0 = Target Achieved 

1 = Target not Achieved 
Nominal 

Predictor 

𝑥1 
Percentage of Family Heads with no 

Primary Education 

 
Percent Rasio 

𝑥2 
Percentage of Couples of Childbearing 

Age with 2 Children 

 
Percent Rasio 

𝑥3 

Percentage of Couples of Childbearing 

Age who Seek Services at FKTP 

(Health Centers or Equivalent, Doctor's 

Practices, Private Clinics or Equivalent 

and Class D private Hospitals or 

Equivalent) 

 

Percent Rasio 

Descriptive Analytics 

Descriptive analysis is used to determine the characteristics of the data for each predictor variable 

as follows Table 2. 

Table 2. Descriptive Statistics 

Variable Mean Variance Min Max 

𝑥1 8.38 -0.41 5.07 11.82 

𝑥2 7.06 -0.78 2.38 54.11 

𝑥3 84.59 -2.65 50.30 98.18 

The status of unmet demand in 38 East Java regencies and cities in 2023 exist of 13 regencies/cities 

with target not achieved and 25 regencies/cities with target achieved. Furthermore, it is determined 

that there is no multicollinearity amongst predictor variables and that none of the variables contain 

missing values. Figure 2 shows the conceptual predictor variable that was employed in this 

investigation. 
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Figure 2. Conceptual Diagram of Variables [33] 

Based on Figure 2, unmet need is a problem that covers many aspects including demographic 

factors and socio-economics factors. Most women of childbearing age who want to stop or adjust 

their spacing are unable to use family planning methods. Demographers and health experts refer 

to these women of childbearing age as having an unmet need for family planning services [34]. 

BLR Model 

The parametric model using Binary Logistic Regression (BLR) model. 

𝜋(𝒙𝒊) =  
𝑒

𝛽0+∑ 𝛽𝑗𝑥𝑗𝑖
𝑝
𝑗=1

1+𝑒
𝛽0+∑ 𝛽𝑗𝑥𝑗𝑖

𝑝
𝑗=1

 , 𝑖 = 1,2, . . . , 𝑛            (28) 

Where 𝑝 is the number of predictor variable. 

Parameter Estimation 

Based on BLR model (28), the results of parameter estimation in the BLR model for data on the 

status of unmet need in East Java in 2023 are as follows in equation (29). 

𝜋̂(𝒙𝒊) =  
𝑒15.5239−0.1773𝑥1𝑖−0.4430𝑥2𝑖−0.0184𝑥3𝑖

1+𝑒15.5239−0.1773𝑥1𝑖−0.4430𝑥2𝑖−0.0184𝑥3𝑖
          (29) 

More details can be seen in Table 3. 

Table 3. Parameter Estimation in BLR Model 

Parameters Estimations 

𝛽0 15.5239 

𝛽1 -0.1773 

𝛽2 -0.4430 

𝛽3 -0.0184 

 

Demographic 

Factors 

Socio-Economic 

Factors 

Status of Unmet 

Need 

Percentage of Family Heads with no 

Primary Education 

Percentage of Couples of 

Childbearing Age who Seek Services 

at FKTP 

Percentage of Couples of 

Childbearing Age with 2 Children 
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FSNR Model 

To find the link that adhered to the FSNR model, we made a scatterplot in which the number of 

high unmet needs (𝑦 = 1) in each group was presented against each predictor variable that was 

included in multiple groups. To see the scatterplot, see Figure 3. 

  

Figure 3. Scatterplots of several data groups versus the number of high unmet need in the group 

Based on Figure 3, The probability of a high unmet need (𝑦 =  1) for variable 𝑥1, 𝑥2, and 𝑥3 

it has a repeating pattern and follows a trend line. 

The nonparametric model using FSNR model. 

𝜋(𝒙𝒊) =  
𝑒

∑ (𝑏𝑙𝑧𝑙𝑖+
1
2
𝑎0𝑙+∑ 𝑎𝑠𝑙 𝑐𝑜𝑠 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )

𝑞
𝑙=1

1+𝑒
∑ (𝑏𝑙𝑧𝑙𝑖+

1
2
𝑎0𝑙+∑ 𝑎𝑠𝑙 𝑐𝑜𝑠 𝑠𝑧𝑙𝑖

𝑆
𝑠=1 )

𝑞
𝑙=1

 ;  𝑖 = 1,2, . . . , 𝑛        (30) 

Where 𝑠 is the number of oscillation parameter and 𝑞 is the number of predictor variables in 

FSNR model. 

Parameter Estimation 

Based on FSNR model (30), parameter estimation results on the model with the optimal oscillation 

parameter combination of 1,1,2 for data on the status of unmet need in East Java in 2023 are as 

follows in equation (31). 

𝜋̂(𝒙𝒊) =  
𝑒59.64−0.89𝑥1𝑖−0.01 cos𝑥1𝑖−1.75𝑥2𝑖−4.12 cos𝑥2𝑖−0.07𝑥3𝑖−4.39 cos𝑥3𝑖−3.03 cos 2𝑥3𝑖

1+𝑒59.64−0.89𝑥1𝑖−0.01 cos𝑥1𝑖−1.75𝑥2𝑖−4.12 cos𝑥2𝑖−0.07𝑥3𝑖−4.39 cos𝑥3𝑖−3.03 cos2𝑥3𝑖
   (31) 

More details in Table 4. 
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Table 4. Parameter Estimation in FSNR Model 

Parameters Estimations 

𝑎0 59.6457 

𝑏1 -0.8933 

𝑎1,1 -0.0156 

𝑏2 -1.7481 

𝑎1,2 -4.1230 

𝑏3 -0.0670 

𝑎1,3 -4.3931 

𝑎2,3 -3.0266 

Selecting Optimal Oscillation Parameters  

The least AIC value was used to determine the oscillation parameters in the FSNR model. In order 

to create a model that is not overly complex and yields results of suitable relevance, the number of 

oscillation parameters employed in this study was restricted. Table 5 displays the AIC values for 

each combination of oscillation parameters in the model using the R program. 

Table 5. Minimum AIC Outcomes by Oscillation Parameter Number 

Number of Oscillation 

Parameter 

Oscillation Parameter Combination 

(K) 
AIC (K) 

𝑥1 𝑥2 𝑥3  

K=1 1 1 1 36.2558 

K=2 1 1 2 34.9600 

Based on Table 5, the model with a combination of oscillation parameters 𝑥1 = 1, 𝑥2 = 1, 𝑥3 = 2 

is the Fourier Series model with optimal oscillation parameters because it has the smallest AIC 

value. 

Comparison of BLR and FSNR Model  

Finding the Best Model Using Deviance Value 

The regression model with the lowest deviation value was chosen. The findings of the deviation 

statistical test are shown in Table 6 as follows. 
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Table 6. Comparison of Deviance Values 

Methods 
Deviance 

Values 

BLR 30.9507 

FSNR 20.9598 

Based on Table 6, the deviance value for the FSNR (20.9598) was smaller than BLR (30.9507). 

Therefore, for such data, the FSNR model is the optimal choice on the status of unmet need in East 

Jawa in 2023 because has the smallest deviance value. 

Fnding the Best Classification Using AUC & Press's Q Value  

The FSNR model that was chosen showed the smallest Press's Q or the highest AUC. The results 

of the classification test are shown in Table 7 as follows. 

Table 7. Comparison of AUC and Press's Q 

Methods Accuracy Sensitivity Specificity AUC 
Press's 

Q value 

Chi 

Square 

BLR 76.3158 84 61.5385 72.7692 10.5263 3.8415 

FSNR  86.8421 92 76.9231 84.4615 20.6316 3.8415 

According to Table 7, case 1, FSNR's AUC value (84.46%) is greater than BLR's (72.76%). 

Furthermore, the FSNR model can classify well and has a higher probability of rejecting H0 or 

Press's Q > Chi Square if its Press's Q value is higher (20.63). 

 

4. CONCLUSION 

The FSNR model for categorical data takes the form described in the discussion. 

𝜋̂(𝒙𝒊) =  
𝑒59.64−0.89𝑥1𝑖−0.01 cos𝑥1𝑖−1.75𝑥2𝑖−4.12 cos𝑥2𝑖−0.07𝑥3𝑖−4.39 cos𝑥3𝑖−3.03 cos 2𝑥3𝑖

1+𝑒59.64−0.89𝑥1𝑖−0.01 cos𝑥1𝑖−1.75𝑥2𝑖−4.12 cos𝑥2𝑖−0.07𝑥3𝑖−4.39 cos𝑥3𝑖−3.03 cos2𝑥3𝑖
  

The FSNR model (with a deviance value is 20.9598) outperforms BLR model (with larger 

deviance values) for estimating the data on the status of unmet need in East Java in 2023. The 

estimated value of the FSNR model in the plot is greater than BLR models. The FSNR model 

excels in forecasting unmet need status in East Java 2023. This superior performance is further 

supported by higher values of AUC (84.46%) and Press’s Q (20.63), indicating better classification 

accuracy and model reliability. 
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