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 Agriculture plays a strategic role in supporting economic development and food 
security in Indonesia, particularly in South Sulawesi, one of the country’s primary 
rice-producing regions. Existing studies on agricultural productivity commonly 
rely on parametric or single-response models, which are less effective in capturing 
the nonlinear, locally varying, and interrelated characteristics of agricultural 
indicators. Addressing this research gap, the present study applies a biresponse 
nonparametric regression approach that integrates truncated splines and Fourier 
series to simultaneously model rice productivity and the food security index. This 
quantitative observational research uses secondary regional agricultural statistics, 
and the analytical procedure includes formulating the biresponse model, 
conducting diagnostic checks of key nonparametric assumptions, and estimating 
parameters using the Weighted Least Squares (WLS) method. Model selection was 
conducted using the Generalized Cross Validation (GCV) criterion, which indicated 
that rainfall was better approximated with truncated splines and extension 
workers with Fourier series. The optimal knot points were obtained at 1207.096 
for rice productivity variable and 1207.556 for food security index variable, with 
one oscillation applied in the Fourier series and one knot for the truncated spline. 
The results show that the best model was obtained with the smallest Generalized 
Cross Validation (GCV) value of 21.38, a coefficient of determination of 94.85%, and 
a Mean Absolute Percentage Error (MAPE) of 9.68%. These results demonstrate the 
methodological advantage of the combined biresponse nonparametric model in 
accommodating complex data structures and provide actionable insights for 
policymakers in optimizing resource allocation, strengthening extension services, 
and enhancing food security strategies in South Sulawesi. 
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A. INTRODUCTION  

Agriculture is a strategic sector that plays a vital role in economic development and 

national food security (Gina et al., 2023). In addition to serving as a provider of food, this sector 

is also the main source of livelihood for millions of farmers worldwide (Viana et al., 2022). 

Indonesia, as an agrarian country endowed with abundant natural resources and a tropical 

climate, should have the capacity to achieve food self-sufficiency. However, the reality indicates 

otherwise (Susanti et al., 2024). In 2023, Indonesia was recorded as the world’s largest rice 
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importer, with an import value reaching USD 1.79 billion, or approximately 5.46% of total 

global rice imports (Safi’i, 2025). This position surpassed countries such as the Philippines, 

Saudi Arabia, and China, reflecting a disparity between agrarian potential and national 

production capacity  

The reliance on food imports, particularly rice, demonstrates that domestic agricultural 

productivity still faces numerous challenges. The complexity of these problems is further 

exacerbated by climate change, land degradation, limited water resources, and the surge in food 

demand due to population growth. Addressing these challenges requires sustainable 

improvements in agricultural productivity. This aligns with the objectives of the Sustainable 

Development Goals (SDGs), particularly Goal 2 (Zero Hunger) and Goal 12 (Responsible 

Consumption and Production), which promote efficient and sustainable agricultural systems 

(Prihady & Djinar, 2022). Various government programs such as People’s Business Credit, the 

Threefold Export Movement, and the Agricultural Development Strategic Command have been 

introduced (Marefanda et al., 2024). However, the effectiveness of these policies is still 

constrained by limited infrastructure, low technology adoption, and insufficient dissemination 

of information to farmers (Budiwiranto et al., 2025). 

 In the context of such complex and diverse challenges, data-driven approaches are crucial 

as a foundation for more targeted and contextual decision-making (Elragal & Elgendy, 2024). 

These approaches enable the identification of region-specific characteristics, provide insights 

into the key factors influencing productivity, and facilitate the design of more accurate and 

efficient interventions. Moreover, optimal data utilization enhances transparency, objectivity, 

and accountability in the planning and evaluation of agricultural programs at various levels 

(Weraikat et al., 2024). By integrating advanced analytical methods, policymakers can 

anticipate potential risks and formulate proactive strategies that align with local conditions. 

Data-driven model also support continuous monitoring, allowing interventions to be refined as 

new information become available. Ultimately, these approaches strengthen the resilience of 

agricultural systems and promote sustainable improvements in productivity and food security 

(Elseknidy et al., 2025). 

Agricultural productivity is determined by interacting factors, both natural, such as rainfall, 

temperature, and soil fertility, and technical, such as fertilization, irrigation, and the use of 

technology. Previous studies have shown that agricultural productivity is influenced by a 

combination of harvested area, rainfall, and fertilizer application (Escobar et al., 2024; Wang, 

2025 ; Tana & Woldesenbet, 2017). Therefore, analytical methods that are flexible and capable 

of capturing data variability patterns are required to obtain more accurate insights. 

Nonparametric regression offers a relevant analytical solution as it does not require 

assumptions about the functional form of relationships among variables. The truncated spline 

estimator is effective in identifying local changes in data, while the Fourier series captures 

seasonal or periodic patterns commonly observed in agricultural systems, such as planting 

cycles and rainfall fluctuations (Husain et al., 2024; Ni’matuzzahroh & Dani, 2024). The 

combination of both estimators allows the development of adaptive and accurate models for 

estimating agricultural yields based on multiple influencing factors (Sauri et al., 2021). 

South Sulawesi Province, as one of Indonesia’s national rice granaries, contributes 

significantly to national rice production (Jamil et al., 2023). The region has relatively stable 
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agro-climatic conditions, supportive rainfall, and extensive fertile agricultural land, making it 

highly potential in strengthening national food security. However, despite this potential, South 

Sulawesi also faces challenges such as climate variability, limited technology adoption, and 

unequal distribution of agricultural resources (Zulkifli, Besse Dahliana, 2025). These complex 

conditions make South Sulawesi a strategic region for the application of data-driven 

approaches. Through accurate and contextual modelling, agricultural development policies in 

the region can be formulated more effectively and have a direct impact on improving 

productivity and farmers’ welfare.  

 

B. THEORITICAL REVIEW 

Regression analysis is a fundamental statistical technique employed to examine the 

relationship between a dependent (response) variable and one or more independent (predictor) 

variables. Broadly, regression approaches can be classified into parametric, nonparametric, and 

semiparametric methods. Parametric regression is generally applied when the underlying data 

pattern is well defined such as linear, quadratic, or cubic forms because it assumes a specific 

functional relationship between the variables. Nevertheless, in many practical situations, data 

do not always conform to such rigid functional forms. To address this limitation, nonparametric 

regression offers a more flexible framework by allowing the relationship between response and 

predictor variables to be modelled without requiring prior assumptions about its exact shape 

(Husain et al., 2021). This flexibility makes nonparametric regression particularly useful for 

capturing complex, nonlinear, or locally varying patterns within data, thereby providing more 

accurate and adaptive representations of real-world phenomena. The general expression of a 

nonparametric regression model can be written as follows: 

 

𝑦𝑖 = 𝑓(𝑥𝑖) + 𝜀𝑖  , 𝑖 = 1,2,3⋯𝑛 (1) 

 

where 𝑖  denotes the 𝑖 − th observation, 𝑦𝑖  is the response variable, 𝑓(𝑥𝑖)  represents the 

nonparametric regression function at the 𝑖 −th observation, and 𝜀𝑖 is the error term assumed 

to be independently and identically distributed (IID) with mean 0 and variance 𝜎2. 

In nonparametric regression, researchers are afforded greater flexibility in selecting 

analytical methods that align with the observed data patterns. Unlike parametric regression, 

which is restricted to predetermined functional forms, nonparametric regression does not 

impose such rigid assumptions. A variety of estimator techniques can be employed in this 

framework, including Kernel methods, Local Polynomial regression, Splines, Histograms, 

Fourier Series, and several other advanced approaches. 

One of the widely used approaches in nonparametric regression is the Truncated Spline 

method. Truncated splines are characterized by changes in data behavior across specific sub-

intervals. The advantage of splines lies in their ability to incorporate knot points while 

producing relatively smooth curves, whereas the term truncated refers to a piecewise-defined 

function. In a nonparametric spline regression model, a spline function of order s with knot 

points 𝐾1, 𝐾2, … , 𝐾𝑀 (𝐾1 ≤ 𝐾2 ≤ ⋯ ≤ 𝐾𝑀 ) can be expressed as follows (Sriliana et al., 2024): 
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𝑓(𝑥𝑖) =∑𝛽𝑟𝑥𝑖
𝑟

𝑠

𝑟=0

+∑Φ𝑘(𝑥𝑖 − 𝐾𝑘)+
𝑠

𝑀

𝑘=1

 (2) 

 

For order s=1 the following equation is obtained 

 

𝑓(𝑥𝑖) = 𝛽0 + 𝛽1𝑥𝑖 +∑Φ𝑘(𝑥𝑖 − 𝐾𝑘)+

𝑀

𝑘=1

 (3) 

 

Truncated function given by: 

 

(𝑥𝑖 − 𝐾𝑘)+
𝑠 = {

(𝑥𝑖 − 𝐾𝑘)+
𝑠     ;  𝑥𝑖 ≥ 𝐾𝑘      

0                ;  𝑥𝑖 < 𝐾𝑘
  

 

where 𝛽 represents the model parameters and 𝐾 refers to the spline knot points. 

The fourier series is a trigonometric polynomial function that has levels of flexibility to deal 

with data that has repetitive patterns. The Fourier series is used to estimate the curve 

regression showing sinus and cosinus waveshe Fourier series is a trigonometric polynomial 

that provides flexibility in modelling data with recurring or periodic patterns. It is commonly 

employed to approximate regression curves represented through sine and cosine functions 

(Ramli et al., 2023). The nonparametric approximation function using the fourier series can be 

written as follows: 

 

𝑔(𝑡𝑖) = 𝑏𝑡𝑖 +
𝛼0
2
+∑𝛾𝑙 cos 𝑙𝑡𝑖

𝐿

𝑙=1

 (4) 

 

where 𝑏, 𝛼0, 𝛾𝑙  is parameter of fourier series model and 𝑙 = 1,2,⋯ , 𝐿 is oscillation parameters. 

The optimal spline function is determined by the selection of knot points (𝐾) , which 

capture changes in the function across different intervals. In contrast, the Fourier series relies 

on the oscillation parameter (𝑙) , which represents the number of cosine wave oscillations 

incorporated into the model. If the values of 𝐾and 𝑙 are set too low, the resulting curve will be 

under-smoothed, appearing rough and highly volatile (Sitohang et al., 2024). Conversely, 

excessively large values of 𝐾 and 𝑙 will lead to over-smoothing, producing a curve that is overly 

smooth and fails to adequately reflect the actual data pattern  (Lestari et al., 2023; Sauri et al., 

2021). In numerous nonparametric regression studies, the selection of optimal knot points and 

oscillation parameters is often carried out using the Generalized Cross Validation (GCV) 

approach. The general expression of GCV in the context of nonparametric regression is 

presented as follows  (Eubank R L, 1999): 

 

𝐺𝐶𝑉(𝐾, 𝑙) =
𝑀𝑆𝐸(𝐾, 𝑙 )

(𝑛−1𝑡𝑟𝑎𝑐𝑒[𝑰 − 𝑻(𝐾, 𝑙)])2
 (5) 

𝑀𝑆𝐸 (𝑘, 𝑙) =
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

𝑛
 (6) 
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The coefficient of determination (𝑅2) quantifies the proportion of variation in the response 

variable that is accounted for by the predictor variables in a statistical model. In other words, 

it reflects how well the regression model explains the variability of the response. The value of 

𝑅2 ranges between 0 and 1, and when expressed as a percentage, it represents the proportion 

of variance in the response variable that can be explained by the model (Joy et al., 2025). A 

higher 𝑅2 value indicates a better fit of the regression model to the observed data (Vinod, 2022). 

The coefficient of determination can be calculated using the following formula: 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅𝑖)2
𝑛
𝑖=1

 (7) 

 

C. METHODS 

The data used in this study are secondary data for the year 2024 obtained from the 

publications of Badan Pusat Statistik (BPS), Global Satellite Mapping of Precipitation (GSMAP), 

and the National Food Agency. This study is conducted as quantitative research that employs 

nonparametric modelling techniques to analyze the determinants of agricultural productivity. 

The data type employed is cross-sectional, consisting of 24 regencies/municipalities in South 

Sulawesi. The variables used in this research include two response variables (𝑦) and two 

predictor variables (𝑥) as presented in Table 1 below. 

 

Table 1. Research Variables 

Variables Description 

𝑦1 Rice Productivity (quintals/hectare) 

𝑦2 Food Security Index 

𝑥1   Number of Agricultural Extension Workers (persons) 

𝑥2 Rainfall (mm/year) 

 

To estimate the biresponse nonparametric regression model, this study combines 

truncated splines and Fourier series because truncated splines provide flexible local fitting for 

nonlinear relationships, while Fourier series effectively capture periodic or cyclical patterns. 

The biresponse framework is used because the two response variables are correlated, allowing 

joint estimation with higher efficiency. Weighted Least Squares (WLS) is applied to address 

heterogeneity across observations. The analytical procedure in this study was carried out 

through the following steps: 

1. Obtaining the parameter estimates of the biresponse nonparametric regression model 

combining truncated splines and Fourier series through the following steps: 

a. Given the response variable 𝑦1  and 𝑦2  with truncated spline nonparametric 

components 𝑥1, 𝑥2, ⋯ , 𝑥𝑃 and the  Fourier series component 𝑡1, 𝑡2, ⋯ , 𝑡𝑄 .  

b. The function 𝑓𝑗(𝑥𝑝𝑖) is approximated using a linear truncated spline with M knots 

c. The function  𝑔𝑗(𝑡𝑞𝑖) is approximated using a Fourier series expansion 

d. The approximated curves  𝑓(𝑥), 𝑎𝑛𝑑  𝑔⃗(𝑡) can be expressed in matrix form 

  

𝑓(𝑥) = 𝑹𝛽 𝑑𝑎𝑛 𝑔⃗(𝑡) =  𝑪𝛾⃗ 



 Hartina Husain, Combined Truncated Spline and Fourier...    431 

 

 

 

where 𝛽  represents the truncated spline regression parameters and 𝛾⃗ epresents the 

Fourier series regression parameters 

e. Thus, the biresponse nonparametric regression model combining truncated splines 

and Fourier series can be written in matrix form as: 

 

𝑦⃗ =  𝑹𝛽 + 𝑪𝛾⃗ + 𝜀 

 

f. The optimization problem is solved using the Weighted Least Squares (WLS) method: 

 

Min
𝛽⃗⃗⃗ ,𝛾⃗⃗⃗
𝐷(𝛽 , 𝛾⃗) = Min

𝛽⃗⃗⃗ ,𝛾⃗⃗⃗
{(𝑦⃗ − 𝑹𝛽 − 𝑪𝛾⃗)

𝑇
𝑾(𝑦⃗ − 𝑹𝛽 − 𝑪𝛾⃗)}  

 

g. Setting the partial derivatives equal to zero yields: 

 

𝜕𝐷(𝛽 , 𝛾⃗)

𝜕𝛽
= 0; 

𝜕𝐷( 𝛽 , 𝛾⃗)

𝜕𝛾⃗ 
= 0 

 

h. The resulting combined estimator is then obtained as: 

 

𝑦̂⃗ =  𝑹𝛽
̂
+ 𝑪𝛾̂⃗ 

 

2. Application of the combined estimator to agricultural productivity data in South 

Sulawesi, implemented in R Studio 2025 with R version 4.3.1, which involves: 

a. Conducting a correlation test between the two response variables 

b. Conducting data exploration and descriptive analysis of each research variable. 

c. Constructing scatter plots to observe the relationship patterns between the response 

variables and predictors. 

d. Determining the predictor variables through truncated spline regression curves and 

Fourier series regression curves using the minimum GCV criterion. 

e. Modelling agricultural productivity data with the combined biresponse 

nonparametric regression of truncated splines and Fourier series. 

f. Selecting optimal knot points, oscillation parameters using the minimum GCV 

criterion. 

g. Calculating the coefficient of determination (𝑅2)  for the fitted model. 

h. Drawing conclusions based on the findings. 
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D. RESULT AND DISCUSSION 

1. Parameter Estimates of the Biresponse Nonparametric Regression Model with 

Truncated Splines and Fourier Series 

Given data with response variable 𝑌1  and 𝑌2  and predictor variable consisting of 

nonparametric components of a truncated spline 𝑥1 , 𝑥2, ⋯ , 𝑥𝑃 and fourier series 𝑡1 , 𝑡2, ⋯ , 𝑡𝑄 . 

The form of a nonparametric regression model that contains these variables can be expressed 

as follows: 

𝑦𝑗𝑖 =∑𝑓𝑗(𝑥𝑝𝑖)

𝑃

𝑝=1

+∑𝑔𝑗(𝑡𝑞𝑖)

𝑄

𝑞=1

+ 𝜀𝑗𝑖 (8) 

 

where 𝑖 = 1 ,2,⋯ , 𝑛  and 𝜀𝑖  assumed to be independent, identical, and normally distributed 

with zero mean and variance 𝜎𝑖
2. The function 𝑓𝑗(𝑥𝑝𝑖) with p variables is approximated by a 

linear truncated spline function, namely: 

 

∑𝑓𝑗(𝑥𝑝𝑖)

𝑃

𝑝=1

= 𝛽0𝑗 +∑(𝛽1𝑗𝑝𝑥𝑝𝑖 +∑Φ𝑗𝑝𝑘(𝑥𝑝𝑖 − 𝐾𝑗𝑝𝑘)+

𝑀

𝑘=1

)

𝑃

𝑝=1

 

 

(9) 

 

where M represents the number of knots with a truncated spline function given by:  

 

(𝑥𝑝𝑖 − 𝐾𝑗𝑝𝑘)+ = {
(𝑥𝑝𝑖 − 𝐾𝑗𝑝𝑘)+ ;  𝑥𝑝𝑖 ≥ 𝐾𝑗𝑝𝑘      

0                ;  𝑥𝑝𝑖 < 𝐾𝑗𝑝𝑘
  

 

It can be expressed in matrix form as: 

 

𝑓(𝑥) = 𝑹𝛽 

where 

𝑓(𝑥) = (
𝑓1(𝑥)
− − −

𝑓2(𝑥)

) ,𝑹 = (
𝑹𝟏 𝟎
𝟎 𝑹𝟐

), and 𝛽 = (
𝛽1

−−−

𝛽2

) 

 

The R matrix contains matrix 𝑹𝟏, 𝑹𝟐, and 𝟎 with the following description 

 

𝑹𝟏 = (

1 𝑥11 (𝑥11 − 𝐾111)+ ⋯ (𝑥𝑃1 − 𝐾1𝑃𝑀)+
1 𝑥12 (𝑥12 − 𝐾111)+ ⋯ (𝑥𝑃2 − 𝐾1𝑃𝑀)+
⋮
1

⋮
𝑥1𝑛

⋮
(𝑥1𝑛 − 𝐾111)+

⋱
⋯

⋮
(𝑥𝑃𝑛 − 𝐾1𝑃𝑀)+

) 

𝑹𝟐 = (

1 𝑥11 (𝑥11 − 𝐾211)+ ⋯ (𝑥𝑃1 − 𝐾2𝑃𝑀)+
1 𝑥12 (𝑥12 − 𝐾211)+ ⋯ (𝑥𝑃2 − 𝐾2𝑃𝑀)+
⋮
1

⋮
𝑥1𝑛

⋮
(𝑥1𝑛 − 𝐾211)+

⋱
⋯

⋮
(𝑥𝑃𝑛 − 𝐾2𝑃𝑀)+

) 
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Then vector 𝛽 contains 𝛽1 and 𝛽2 with the following description 

 

𝛽1 = (𝛽01 𝛽111 ⋯ 𝛽11𝑃 Φ111 ⋯ Φ1𝑃𝑀)𝑇 

𝛽2 = (𝛽02 𝛽121 ⋯ 𝛽12𝑃 Φ211 ⋯ Φ2𝑃𝑀)𝑇 

 

with 𝑓(𝑥)  of size 2𝑛 × 1 , matrix 𝑹  of size 2𝑛 × (2 + 2𝑃(1 +𝑀)) , and vector 𝛽   of size 

(2 + 2𝑃(1 +𝑀)) × 1. Next, 𝑔(𝑡𝑞𝑖) with variable q is approximated by a Fourier series, namely: 

 

∑𝑔𝑗(𝑡𝑞𝑖)

𝑄

𝑞=1

=∑(𝑏𝑗𝑞𝑡𝑞𝑖 +
𝛾0𝑗𝑞
2
+∑𝛾𝑗𝑙𝑞 cos 𝑙𝑡𝑞𝑖

𝐿

𝑙=1

)

𝑄

𝑞=1

 

 

(10) 

 

or in matrix notation it can be written as: 

 

𝑔⃗(𝑡) = 𝑪𝛾⃗ 

where 

𝑔⃗(𝑡) = (
𝑔⃗1(𝑡)
− − −
𝑔⃗2(𝑡)

) , 𝑪 = (
𝑪𝟏 𝟎
𝟎 𝑪𝟐

), and 𝛾⃗ = (
𝛾⃗1

−−−
𝛾⃗2

) 

 

The C matrix contains matrix 𝑪𝟏, 𝑪𝟐, and 𝟎 with the following description 

 

𝑪𝟏 = 𝑪𝟐 =

(

 
 

𝑡11
1

2
cos 𝑡11 ⋯ cos 𝐿𝑡𝑄1

𝑡12
1

2
cos 𝑡12 ⋯ cos 𝐿𝑡𝑄2

⋮
𝑡1𝑛

⋮
1

2

⋮
cos 𝑡1𝑛

⋱
⋯

⋮
cos 𝐿𝑡𝑄𝑛)

 
 

 

 

Then vector 𝛾⃗ contains 𝛾⃗1 and 𝛾⃗2 with the following description 

 

𝛾⃗1 = (𝑏11 𝛾01 𝛾111 … 𝛾1𝐿𝑄)𝑇  ;   𝛾⃗2 = (𝑏21 𝛾02 𝛾211 … 𝛾2𝐿𝑄)𝑇 

 

with 𝑔⃗(𝑡)  of size 2𝑛 × 1 , matrix 𝑪  of size 2𝑛 × (2 + 2𝑄(1 + 𝐿)) , and vector 𝛾⃗   of size (2 +

2𝑄(1 + 𝐿)) × 1 . Furthermore, Combined of truncated spline and fourier series biresponse 

nonparametric regression model can be written as follows: 

 

𝑦⃗ =  𝑹𝛽 + 𝑪𝛾⃗ + 𝜀̃ (11) 

 

to obtain parameter estimation results in model (10), it can be done using Weighted Least 

Square (WLS) optimization method: 
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Min
𝛽⃗⃗⃗ ,𝛾⃗⃗⃗
𝐷(𝛽 , 𝛾⃗) = Min

 𝛽⃗⃗⃗ ,𝛾⃗⃗⃗
 𝜀𝑇𝜀 

= Min
𝛽⃗⃗⃗ ,𝛾⃗⃗⃗
(𝑦⃗ − 𝑹𝛽 − 𝑪𝛾⃗)

𝑇
𝑾(𝑦⃗ − 𝑹𝛽 − 𝑪𝛾⃗) 

 

where W is a weighting matrix, with the following equation: 

 

 
 

with 𝜎1
2  is the variance of response 𝑦1  ,  𝜎1

2  is the variance of response 𝑦2  , and  𝜎12 = 𝜎21  is 

covariance of response 𝑦1 and 𝑦2. Estimated results are obtained 

 

𝛽
̂
 = (𝑹𝑇𝑾𝑹)−1𝑹𝑇𝑾𝑦⃗ − (𝑹𝑇𝑾𝑹)−1𝑹𝑇𝑾𝑪𝛾̂⃗  (12) 

𝛾̂⃗ = (𝑪𝑇𝑾𝑪)−1𝑪𝑇𝑾𝑦⃗ − (𝑪𝑇𝑾𝑪)−1𝑪𝑇𝑾𝑹𝛽
̂
  (13) 

 

By example 𝑷 = (𝑹𝑇𝑾𝑹)−1𝑹𝑇𝑾  and  𝑨 = (𝑪𝑇𝑾𝑪)−1𝑪𝑇𝑾  then the form 𝛽
̂
  and 𝛾̂⃗ can be 

simplified to: 

 

𝛽
̂
 = 𝑷𝑦̃ − 𝑷𝑪𝛾̂⃗ (14) 

𝛾̂⃗ = 𝑨𝑦̃ − 𝑨𝑹𝛽
̂
  (15) 

 

Then subtitute the equation (14) to (15) to get parameter values 𝛾̂⃗ that do not contain other 

parameters 

 

𝛾̂⃗  = (𝑰 − 𝑨𝑹𝑷𝑪)−1(𝑨 − 𝑨𝑹𝑷)𝑦⃗ (16) 

𝛾̂⃗  = 𝑼𝑦⃗ (17) 

where 𝑼 = (𝑰 − 𝑨𝑹𝑷𝑪)−1(𝑨 − 𝑨𝑹𝑷) 

 

The results of equation (16) are then subtituted into equation (14) to obtain the value of 

parameter 𝛽
̂
 

 

𝛽
̂
= (𝑷 − 𝑷𝑪((𝑰 − 𝑨𝑹𝑷𝑪)−1(𝑨 − 𝑨𝑹𝑷)))𝑦⃗ (18) 
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𝛽
̂
= 𝑻𝑦⃗ (19) 

 

where 𝑻 = (𝑷 − 𝑷𝑪((𝑰 − 𝑨𝑹𝑷𝑪)−1(𝑨 − 𝑨𝑹𝑷))) 

 

Based on equations (17) and (19), the combined estimator of truncated spline and fourier 

series in biresponse nonparametric regression model can be written as follows: 

 

𝑦̂⃗ =  𝑹𝛽
̂
+ 𝑪𝛾̂⃗ 

    = (𝑹𝑻 + 𝑪𝑼)𝑦⃗ 

𝑦̂⃗ = 𝑩𝑦⃗ 

 

 

(18) 

 

where 𝑩 = 𝑹𝑻 + 𝑪𝑼 

 

To determine the optimal knot point 𝐾  and oscillation parameters 𝑙  with the smallest 

Generalized Cross Validation (GCV) value criteria, namely: 

 

𝐺𝐶𝑉 (𝑘, 𝑙) =
𝑀𝑆𝐸 (𝐾, 𝑙)

(𝑛−1𝑡𝑟(𝑰 − 𝑩(𝐾, 𝑙)))
2 (19) 

 

2. Agricultural Productivity Modelling 

The initial step prior to modelling with the Biresponse Nonparametric Regression method 

is to conduct a correlation test between the response variables. The correlation test applied in 

this study is the Pearson Correlation. The hypotheses are as follows: 

𝐻0 : There is no correlation between the response variables. 

𝐻1 : There is a correlation between the response variables. 

 

The test results indicated a Pearson correlation coefficient of 0.603 with a p-value of 0.02. 

At the 5% significance level (𝛼 = 0.05), this leads to the rejection of 𝐻0 , implying a significant 

correlation between the Rice Productivity (𝑌1)  and the Food Security Index (𝑌2).  This 

correlation coefficient of 0.603 indicates a moderately strong positive relationship, meaning 

that districts with higher rice productivity also tend to have better food security conditions. 

Substantively, this suggests that improvements in rice production contribute to greater 

availability and stability of food resources at the regional level. Since the correlation 

assumption between response variables is satisfied, the modelling process using the 

Biresponse Nonparametric Regression method can be appropriately continued, as shown in 

Table 2. 
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Table 2. Descriptive Statistics 

Variables Minimum Maximum Mean Std. Deviation 
Rice Productivity 40.05 61.07 49.69 5.229 
Food Security Index 71.87 89.28 83.36 3.794 
Number of Agricultural Extension Workers 22.00 160.00 95.79 36.60 
Rainfall 854.00 5253.40 2304.64 1144.03 

 

The descriptive statistics in Table 2 highlight substantial disparities across regencies in 

South Sulawesi. Pinrang recorded the highest rice productivity at 61.07 quintals/hectare, while 

Kepulauan Selayar showed the lowest at only 40.05, reflecting contrasting levels of agricultural 

performance. Food security also varied, with Pare-Pare achieving the highest index score 

(89.28), whereas Kepulauan Selayar again stood at the lowest (71.87), suggesting regional 

inequalities in both production and welfare outcomes. In terms of supporting factors, Bone had 

the largest number of agricultural extension workers (160), contrasting sharply with Pare-Pare 

which had only 22, and rainfall conditions ranged from extreme highs in Luwu Timur (5253.4 

mm/year) to much lower levels in Pare-Pare (854 mm/year). These findings imply that 

agricultural capacity and resilience in South Sulawesi are strongly shaped by local resource 

endowment and institutional support, underscoring the importance of region-specific policies 

rather than a uniform approach. 

 

 
Figure 1. Scatterplot Data 

 

Figure 1 illustrates the scatterplots between the response variables and their predictors. It 

can be observed that the data patterns do not follow a clear or specific functional form, as the 

distribution of points appears irregular and does not align with simple linear or polynomial 

trends. This irregularity suggests that imposing a strict parametric assumption may not capture 

the true relationship among the variables. Therefore, a more flexible modelling framework, 

such as nonparametric regression, is more appropriate to accommodate local variations and 

potentially nonlinear relationships between rice productivity, food security, and their 

predictors. In this context, the truncated spline estimator is suitable for capturing localized 

changes in the data pattern, while the Fourier series estimator is effective in representing 

cyclical or oscillatory tendencies that may arise from seasonal or periodic agricultural 
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phenomena. Hence, combining truncated splines and Fourier series provides an adaptive 

modelling strategy that aligns well with the characteristics observed in the data. 

In this context, the truncated spline estimator is suitable for capturing localized threshold 

effects, such as sudden increases or decreases in productivity when rainfall surpasses certain 

critical levels. Meanwhile, the Fourier series estimator is effective in representing cyclical or 

oscillatory tendencies, which may arise from seasonal agricultural cycles, variability in 

extension worker performance across periods, or recurring climatic patterns. Hence, 

combining truncated splines and Fourier series provides an adaptive modelling strategy that 

aligns well with the characteristics observed in the data and allows the model to reflect both 

abrupt and periodic variations in agricultural conditions. Subsequently, the selection was 

carried out using the Generalized Cross Validation (GCV) criterion to determine which 

predictors are better approximated by truncated splines and which are more suitably 

represented by the Fourier series. This step ensures that each predictor is modelled with the 

most appropriate estimator, thereby improving the overall flexibility and accuracy of the 

biresponse nonparametric regression model, as shown in Table 3. 

 

Table 3. Comparison of GCV Value 

No Variable Truncated spline Variable Fourier Series GCV 
1 𝑥1 𝑥2 25.70 
2 𝑥2 𝑥1 21.38 

 

Table 3 shows that the model with 𝑋2  approximated by a truncated spline and  

𝑋1 by a Fourier series yields a lower GCV value is 21.38 compared to the alternative 25.70. This 

indicates that such a specification provides a better fit for the data. Substantively, this finding 

suggests that rainfall exhibits localized nonlinear effects best captured by spline knots, while 

the influence of extension workers follows a smoother, possibly cyclical pattern that is more 

effectively represented by the Fourier series. Based on this specification, the next step is to 

estimate the model parameters for both the truncated spline and Fourier series components. 

The results of the parameter estimation are presented in Table 4. 

 

Table 4. Parameter Estimation 

Parameter 𝛽
̂
 Estimation Parameter 𝛾̂⃗ Estimation 

𝛽01 49.7582 𝑏11 -0.0400 
𝛽111 0.0009 𝛾01 5.12 × 10−11 
Φ111 0.0008 𝛾111 -2.6972 
𝛽02 81.2248 𝑏11 -0.0197 
𝛽121 0.0034 𝛾02 6.50 × 10−11 
Φ211 -0.0039 𝛾211 -2.5764 

 

From Table 4, the parameter estimates can be used to construct the regression models for 

rice productivity and the food security index. In this specification, one oscillation is applied to 

approximate the Fourier series estimator, while a single knot is used for the truncated spline 

estimator. The knot represents a threshold value of rainfall at which the relationship with the 

response variable changes, allowing the model to capture localized nonlinear effects that would 

not be detected under a global functional form. Meanwhile, the single oscillation in the Fourier 
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series reflects a smooth cyclical variation in the influence of extension workers, indicating that 

their effect follows a gradual and possibly repetitive pattern rather than abrupt changes. The 

optimal knot points are obtained at 1207.096 for Rice Productivity (𝑦1) and 1207.556 for Food 

Security Index (𝑦2), which serve as the basis for the nonparametric modelling of both response 

variables. 

 

𝑦̂1𝑖 = 49.7582 + 0.0009𝑥2𝑖 + 0.0008(𝑥2𝑖 − 1207.096)+ − 0.0400𝑥1𝑖 +
5.12 × 10−11

2
− 2.6972 cos 𝑥1𝑖  

𝑦̂2𝑖 = 81.2248 + 0.0034𝑥2𝑖 − 0.0039(𝑥2𝑖 − 1207.556)+ − 0.0197𝑥1𝑖 +
6.50 × 10−11

2
− 2.5764 cos 𝑥1𝑖  

 

The obtained smallest Generalized Cross Validation (GCV) value is 21.38 , coefficient of 

determination (𝑅2) is 94.85%, and the Mean Absolute Percentage Error (MAPE) is 9.68%. 

These indicators collectively confirm that the combined truncated spline and Fourier series 

specification provides a highly accurate and adaptive representation of agricultural 

productivity dynamics in South Sulawesi. Figure 2 presents the comparison between the actual 

and predicted values for both response variables. For rice productivity (𝑦1) , the predicted 

values generally follow the overall pattern of the actual observations, although some 

fluctuations are not fully captured, particularly at extreme points. Meanwhile, for the food 

security index (𝑦2), the predicted values align more closely with the actual data, indicating a 

better fit. Overall, the model demonstrates reasonable accuracy in representing both response 

variables. 

  
Figure 2. The comparison between actual value and predicted value 

 

The results of the modelling provide important insights for agricultural productivity in 

South Sulawesi. By capturing both local variations through the truncated spline and seasonal 

or cyclical patterns through the Fourier series, the model helps identify critical thresholds of 

rainfall and the role of extension workers in influencing rice productivity and food security. 
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This information is valuable for policymakers and local governments to design more targeted 

interventions, such as optimizing irrigation systems, allocating agricultural extension services 

more effectively, and anticipating the impact of extreme rainfall on crop yields. Ultimately, the 

model not only improves statistical accuracy but also serves as a decision-support tool to 

strengthen agricultural planning and food security strategies in South Sulawesi. 

The findings of this study are consistent with previous research (Escobar et al., 2024; Wang, 

2025; Tana & Woldesenbet, 2017), which similarly identified rainfall and other agro-technical 

factors as key determinants of agricultural productivity. However, by employing a biresponse 

nonparametric regression model that integrates truncated spline and Fourier series, this study 

offers a new contribution by capturing local variations and cyclical patterns that earlier 

parametric approaches were unable to detect. These results also reinforce the perspectives of 

Weraikat et al., (2024) and Elragal & Elgendy, (2024) regarding the importance of data-driven 

analytical methods, demonstrating that adaptive modelling techniques are essential for 

understanding the complex agricultural dynamics in regions such as South Sulawesi. 

 

E. CONCLUSION AND SUGGESTIONS 

This study demonstrates that the biresponse nonparametric regression model combining 

truncated splines and Fourier series is an effective analytical approach for capturing the 

complex, nonlinear relationships influencing agricultural productivity and food security in 

South Sulawesi. By modelling rainfall and the number of agricultural extension workers 

simultaneously, the results reveal that both factors play significant roles: rainfall exhibits 

nonlinear threshold effects on productivity, while extension workers contribute consistently to 

improving regional food security. These findings underscore the importance of flexible 

modelling approaches for understanding agricultural systems characterized by local variation 

and cyclical environmental patterns. 

The research contributes to the literature by offering an adaptive modelling framework 

capable of uncovering patterns that traditional parametric methods may overlook. Practically, 

the results provide an evidence-based foundation for policymakers to optimize irrigation 

planning, enhance the deployment of extension workers, and anticipate climate-related risks to 

crop production. Future research is recommended to incorporate additional environmental 

and socio-economic variables, explore spatial or spatiotemporal extensions of the model, and 

apply the approach to other key agricultural commodities to further support data-driven 

agricultural planning in Indonesia. 
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