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Abstract— Rice is a strategic food commodity in Indonesia, and 

its price fluctuations significantly impact inflation, economic 

stability, and poverty levels. Accurate price prediction is, 

therefore, essential for effective policymaking. The objective of 

this research is to develop a system for predicting the price of rice 

in Lhokseumawe City, employing a comparison of the accuracy of 

linear and polynomial regression models. To this end, daily price 

data from the Strategic Food Price Information Center (PIHPS) 

from 2020 to 2024 were utilized, with both models being 

implemented in Python. The findings indicate that 4th-order 

polynomial regression exhibited optimal performance, attaining a 

mean absolute percentage error (MAPE) of 1.85%, a mean 

absolute error (MAE) of 205.23, and a root mean squared error 

(RMSE) of 284.88. Conversely, the implementation of linear 

regression resulted in substantially elevated error metrics, with a 

mean absolute percentage error (MAPE) of 5.16%, a mean 

absolute error (MAE) of 553.91, and a root mean square error 

(RMSE) of 614.14. The findings indicate that 4th-order 

polynomial regression is a substantially more effective model for 

predicting rice prices in Lhokseumawe. The latter's superiority 

suggests that local rice price dynamics are characterized by 

significant non-linear patterns, rendering it a more robust tool for 

capturing data volatility and supporting data-driven policy. 

Keywords— Rice Price, Prediction, Linear Regression, 

Polynomial Regression 

I.  INTRODUCTION  

Agriculture is pivotal for human life, primarily by ensuring 

food security. In Indonesia, rice stands out as the most critical 

commodity, serving as the staple food for the majority of the 

population [1]. As a primary component of household 

consumption, the availability and price stability of rice 

significantly impact public welfare, particularly for low-income 

communities [2] [3]. 

Daily and monthly fluctuations in rice prices are influenced 
by various factors, including weather conditions, production 
levels, distribution logistics, and government policies. 
Uncontrolled price increases can significantly drive inflation, 
affect economic stability, and exacerbate poverty levels. 
Consequently, developing accurate prediction models is 
imperative for informed decision-making and effective price 
control strategies [4] [5]. 

In this context, a relevant approach is data mining. This 
semi-automated process utilizes statistical, mathematical, 
artificial intelligence, and machine learning techniques to 
discover hidden patterns or knowledge in data [6]. Two popular 
methods in data mining for prediction are linear regression and 
polynomial regression. Linear regression is a statistical method 
that models the linear relationship between independent and 
dependent variables [7]. In contrast, polynomial regression is 
an extension of linear regression that can capture non-linear 
relationship patterns with curve shapes [8]. 

The choice between these methods involves a fundamental 
trade-off. Linear regression offers simplicity and clear 
interpretability but is limited to linear relationships and risks 
underfitting when data patterns are complex [9] [10]. 
Conversely, polynomial regression provides greater flexibility 
in modeling non-linear trends but at the cost of higher model 
complexity, which can lead to a significant risk of overfitting 
and interpretation difficulties if not carefully calibrated [10] 
[11].    

The debate over the superiority of linear versus non-linear 
models for price prediction is ongoing. A substantial body of 
research highlights the effectiveness of non-linear models. For 
instance, a 4th-order polynomial model successfully tracked 
non-linear trends in the Nasdaq100 stock market [12]. and 
demonstrated significantly higher accuracy (R² = 0.99) 
compared to a linear model (R² = 0.69) in the real estate sector 
[13]. Similarly, a polynomial model showed a marginal 
advantage in predicting banking stock prices in Indonesia [11]. 

However, the superiority of non-linear models is not 
absolute. In certain contexts, the simplicity of linear models 
yields more reliable results. A 2024 study on national rice prices 
in Indonesia found that linear regression achieved a lower mean 
absolute percentage error (MAPE) of 6.29% compared to 
6.88% for polynomial regression [14]. This finding reinforces 
the hypothesis that the optimal model choice is highly 
dependent on the specific characteristics of the data rather than 
assumptions about model complexity. 

Despite this existing literature, most prior research has 
focused on other commodities or analyzed rice prices at a 
national scale. This national-level focus limits the 
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generalizability of findings to regional contexts. Price dynamics 
at the local level, such as in Lhokseumawe City, often exhibit 
unique characteristics driven by local supply chains, consumer 
behavior, and specific micro-economic factors. These local data 
patterns are critical determinants of a model's predictive 
success, yet they remain underexplored. 

To address this gap, the objective of this study is to 
comparatively evaluate the accuracy and effectiveness of linear 
and polynomial regression methods in predicting daily rice 
prices in Lhokseumawe City. The primary objective is to 
determine which model offers optimal precision for local data 
patterns. The findings are expected to yield two main 
contributions: theoretically, to enrich the literature on food 
price prediction with empirical evidence at the micro-level, and 
practically, to provide a scientific basis for local governments 
to formulate more accurate, data-driven price control policies. 

II. METHODOLOGY  

This research uses a quantitative methodological approach, 

focusing on data in numerical form. The steps of the research 

process are as follows: 

 

 

 
Fig 1. Research Process 

A. Data Collection 

This research uses Strategic Food Price Information Center 
(PIHPS) data. The analyzed data is on the development of rice 
prices in Lhokseumawe City from 2020 to 2024. The data was 
collected by downloading the data provided by PIHPS through 
the "Traditional Market Price Table by Commodity." 
Secondary data collection techniques were carried out through 
documentation by recording the obtained data for further 
analysis. 

B. Preprocessing Data 

The preprocessing stage is a step in the data preparation 
process before data mining is carried out. This stage is critical 
because approximately 50% of the data mining process occurs 
during this stage [15]. The first step in data preprocessing is 
data cleaning, which involves removing missing or duplicate 
data [16]. Preprocessing ensures that data quality is maintained 
before proceeding to the next stage. 

C. Data Splitting 

Data splitting is dividing a dataset into two or more parts. In 

this stage, the dataset was divided using an 80:20 ratio, with 

80% designated as the training set and 20% as the testing set. 

This process first separated the independent (x) and dependent 

variables (y). The model was then trained on the larger training 

set to learn underlying data patterns. At the same time, the 

testing set was reserved for an unbiased evaluation of its 

performance on new, unseen data, thereby measuring its 

predictive accuracy [17]. 

D. Models Building 

The modeling process is carried out using training data. In 

this case, the Linear Regression and Polynomial Regression 

models are implemented using the Python programming 

language and manual calculations. Linear regression is suitable 

for analyzing time series rice price data [18]. Meanwhile, 

polynomial regression was chosen for its ability to identify and 

analyze nonlinear patterns in the data. 

1) Linear Regression 

Manual calculations are performed using Python to 

determine the intercept and slope values at this stage. The 

intercept is the distance between the origin and the point 

where the regression line intersects the vertical axis. 

Concurrently, the term "slope" is employed to denote the 

gradient of the regression line. This slope is calculated by 

measuring the angle between the horizontal and regression 

lines [16]. The linear regression equation with the least 

squares method is as follows [19]: 

 

𝑎 =
(∑𝑌)(∑𝑋2)−(∑𝑋).(∑𝑋𝑌)

𝑛(∑𝑋2)−(∑𝑋)2                                            (1) 

 

𝑏 =
𝑛(∑𝑋𝑌)−(∑𝑋).(∑𝑌)

𝑛(∑𝑋2)−(∑𝑋)2                                                        (2) 

 

𝑌 = 𝑎 + 𝑏𝑋                                                       (3) 

  

In this model, y denotes the dependent variable, x represents 

the independent variable, a indicates the intercept, and b 

denotes the slope. 

 

2) Polynomial Regression 

At this stage, calculations are performed by accumulating 

the impact of each predictor variable (x) that is increased to 

a certain degree [17]. At this stage, manual calculations are 

performed using the Python programming language. In 

order to maximize the accuracy of the prediction, the 

coefficient value is calculated manually using the Gaussian 

elimination method. The formula for polynomial regression 

is as follows [19]: 

 

𝑌 = 𝑏0 + 𝑏1𝑋 + 𝑏2𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛 + 𝜖                          (4) 

Assuming y is the predicted value: 

 

𝑌 = 𝑏0 + 𝑏1𝑋 + 𝑏2𝑋2 + ⋯ + 𝑏𝑛𝑋𝑛                                 (5) 

 

In this model, the dependent variable is indicated by y. The 

intercept, b₀, is represented by b₀. The slopes, b₁, b₂, …, bn, 

indicate the degree of the polynomial, n. The independent 

variable, x, is designated by x. The error factor, ε, is 
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indicated by ε. 

E. Prediction 

Subsequent to the building of the linear and polynomial 

regression models, their application to the testing data was 

undertaken for the purpose of prediction. Each model was 

utilized to predict the price of rice for the designated time period 

corresponding to the test data. 

F. Testing 

 During the testing phase, model predictions are compared 
with the actual rice price values in the testing data set. Three 
evaluation metrics are used: mean absolute error (MAE), root 
mean squared error (RMSE), and mean absolute percentage 
error (MAPE). 

1) Mean Absolute Error (MAE) 
In statistics and predictive modeling, mean absolute error 
(MAE) is one of the evaluation methods used to measure the 
average absolute value of the difference between the actual 
and predicted values, MAE value is always positive or zero; 
the smaller the value, the more accurate the model. 
Conversely, a large MAE indicates a high level of prediction 
error, general form of the mean square error equation is as 
follows [18]: 

𝑀𝑆𝐸 =  
1

𝑛
∑𝑖=1

𝑛 |𝑦 − �̂�𝑖|                                                     (6) 

Explanation: 
𝑛 : number of data points 
𝑦 : actual data 

�̂�𝑖 : predicted value 
 

2) Root Mean Squared Error (RMSE) 
The root mean square error (RMSE) method calculates the 
error level in the estimation results. This error indicates the 
difference between the estimated and actual values. RMSE 
measures the error rate of analytical calculation results using 
methods such as training and testing data. A high RMSE 
value indicates a large discrepancy between the predicted 
and actual values, resulting in low accuracy. Conversely, an 
RMSE close to zero indicates high prediction accuracy 
because the model's predictions are closer to the actual 
values [19]. The general form of the RMSE equation is as 
follows: 

𝑅𝑀𝑆𝐸 𝑎𝑡𝑎𝑢 𝑅𝑀𝐷𝐸 =  √
∑𝑖=1

𝑛  (𝑦−�̂�𝑖)2

𝑛
                               (7) 

 
Explanation: 
𝑛 : number of data points 
𝑦 : actual data 

�̂�𝑖 : predicted value 
 

3) Mean Absolut Percentage Error (MAPE) 
The mean absolute percentage error (MAPE) is a method 
used to measure the accuracy of a model. It calculates the 
percentage difference between the actual and forecast data 
[20]. This method first calculates the absolute error for each 
period, then divides the actual value by the forecast value to 
find the average absolute percentage error. A prediction is 

considered excellent if its MAPE value is less than 10%. 
The MAPE criteria are shown in the following table: 

TABLE I.  MAPE CRITERIA 

MAPE Description 

<10% Very Good 

10% - 20% Good 

20% - 50% Fair 

50% Poor 

The formula for this testing method is shown below: 
 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑦−𝑦𝑖|

𝑦
 𝑥 100%𝑛

𝑡=1                                        (8) 

 
 
Explanation: 
𝑛 : number of data points 
𝑦 : actual data 

�̂�𝑖 : predicted value 

G. Result 

The results stage summarizes and interprets the entire 

research process. The goal of this analysis is to develop a more 

accurate model based on Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE), and Mean Absolute Percentage 

Error (MAPE) values. 
 

III. DISCUSSION AND RESULT 

A. Data Collection 

The data were collected in September 2024 from the 
Strategic Food Price Information Center (PIHPS) website. The 
data set under consideration encompasses the price of rice from 
January 1, 2020, to August 30, 2024. The dataset under 
consideration contains a total of 1,217 rows and 4 columns, 
with attributes including "Date," "Semua Provinsi," "Aceh," 
and "Kota Lhokseumawe." The following is a detailed list of 
the contents of the dataset: 

 

Fig 2.  Dataset 
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B. Preprocessing Data 

The data preprocessing procedure encompasses two 

primary phases: data selection and data cleaning. In the data 

selection stage, the process of selecting attributes from the 

entire dataset is carried out. The following attributes were 

utilized in the prediction process: the "Date" column and "Kota 

Lhokseumawe.". The results of attribute selection at the data 

selection stage are shown in the following figure: 

 

Fig 3. Result of Data Selection 

As illustrated in Figure 3 the attributes employed in the 

prediction process include the "Date" column and "Kota 

Lhokseumawe". These two attributes exhibit a close 

relationship, wherein alterations in the value of the 

Lhokseumawe City attribute are influenced by the time period 

represented by the Date attribute. Subsequent to the selection of 

data, the subsequent stage of the process is data cleaning. 

Subsequently, the data undergoes a thorough cleansing 

process, entailing the identification and resolution of missing 

values within the dataset. The results of this check are shown in 

the following figure: 

 

Fig 4. Result of Data Cleaning 

As illustrated in Figure 4, the data set under consideration is 

devoid of any empty or missing values, thereby rendering it 

suitable for subsequent analysis and prediction processes. 

C. Data Splitting 
At this stage, data separation is carried out to support the 

modeling process. The data separation encompasses the 
independent variable (x), designated as the Date attribute, and 
the dependent variable (y), denoted as the Lhokseumawe City 
attribute. The objective of this process is to ensure that the data 
is well structured, thereby facilitating its utilization in the 
analysis and development of prediction models. The following 
source code segment illustrates the process of data separation 
into x and y variables: 

 

Fig 5. Separating Dependent and Independent Variables 

Subsequent to the separation of the data into independent 

variables (x) and dependent variables (y), the dataset was 

segmented into 80% training and 20% test data. The proportion 

of data points obtained for training and testing was 974 and 244, 

respectively. The fundamental objective of this division is to 

ensure that the evaluation of the model is conducted 

objectively. The model will be constructed using the training 

data, while its performance and generalization ability will be 

accurately measured using the test data, which is entirely new 

to the model. The figure below illustrates the visualization of 

the training and test data distributions: 
 

 

Fig 6. Training and Testing Data Distribution 

As illustrated in Figure 6, the allocation of rice price data 

into two sets: a training set, represented by the blue area, and a 

testing set, represented by the red area. The intersection of these 

two data sets across the range of independent variables signifies 

a valid representation of price fluctuation patterns and trends. 

This balanced distribution of data is fundamental to ensure that 

the developed model has robust generalization capabilities and 

can be objectively evaluated against unseen data, guaranteeing 

the reliability of model performance estimates. 

D. Model Building 

At this stage, the Linear Regression and Polynomial 

Regression models were created using the Python programming 

language by utilizing the Google Colab platform. 
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1) Linear Regression 

A linear regression model is developed using the prepared 

training data at this stage. This training process aims to 

ascertain the most suitable model parameters, specifically 

the intercept value (a) as the initial cut-off point and the 

slope value (b) denoting the slope of the regression line. 

Preliminary analysis of the modeling results indicates that 

the intercept value (a) is 8805.79649552436, and the slope 

value (b) is 3.62721857. It is possible to formulate the final 

linear regression equation for predicting the price (Y) based 

on these two parameters as follows: 

 

𝑌 = 8805.79649552436 + 3.62721857𝑋              (9) 

2) Polynomial Regression 

Polynomial regression is a form of nonlinear regression in 

which the relationship between the independent and 

dependent variables is expressed as a polynomial function. 

This model facilitates the use of higher polynomial orders, 

enabling the capture of intricate relationship patterns. In the 

present study, the focus is on polynomials of orders ranging 

from second to fifth. The following steps are outlined in the 

development of the Polynomial Regression model: 

 

a) 2nd-order Polynomial Regression 

For a second-order polynomial model, the relationship 

between variables is represented by a quadratic curve (a 

second-degree polynomial). After training the model, 

three primary coefficients were determined: the 

intercept (𝑏0), the linear coefficient (𝑏1), and the 

quadratic coefficient (𝑏2).  

 

The developed model yielded the following parameter 

values: an intercept: (𝑏0) of 9947.783130437068, a 

linear coefficient (𝑏1) of -2.0219701, and a quadratic 

coefficient (𝑏2) of 2.0219701. Consequently, the 

second-order polynomial regression equation for 

predicting the value of (Y) can be expressed as follows: 

 

𝑌 = 9947.783130437068 − 2.0219701𝑋 +
 2.0219701𝑋2                                                          (10) 

b) 3rd-order Polynomial Regression 

At the third order, the relationship between the 

independent and dependent variables is expressed as a 

third-degree or cubic polynomial. Consequently, the 

model encompasses not only the variables x and x², but 

also x³. Training this model determines four distinct 

coefficients: the intercept (𝑏0), linear (𝑏1), quadratic 

(𝑏2), and cubic (𝑏3). 

The resulting model yielded the following parameters: 

an: intercept (𝑏0) of 10293.254164805698, a linear 

coefficient (𝑏1) of -5.47311619, a quadratic coefficient 

(𝑏2) of 1.17225001, and a cubic coefficient (𝑏3) of -

3.87524452. Therefore, the third-order polynomial 

regression equation for predicting the value of (Y) can 

be written as follows: 

𝑌 = 10293.254164805698 − 5.47311619𝑋 + 

 1.17225001𝑋2 −  3.87524452𝑋3                         (11) 

 

c) 4th-order Polynomial Regression 

In the fourth order, the relationship between the 

independent and dependent variables is expressed in the 

form of a fourth-degree or quartic polynomial, similar to 

the previous orders. which includes terms up to x⁴. 

Training this model determines five coefficients: the 

intercept (𝑏0), linear (𝑏1), quadratic (𝑏2), cubic (𝑏3), and 

quartic (𝑏4). 

 

The developed model yielded the following parameters: 

an intercept (𝑏0) of 9731.313125044031, a linear 

coefficient (𝑏1) of 3.98026709, a quadratic coefficient 

(𝑏2) of -2.34633746, a cubic coefficient (𝑏3) of 

4.12228435, and a quartic coefficient (𝑏4) of -

1.8550564. Therefore, the fourth-order polynomial 

regression equation for predicting the value of (Y) can 

be written as follows: 

 

𝑌 = 9731.313125044031 + 3.98026709𝑋 −
2.34633746𝑋2 + 4.12228435𝑋3  −   
 1.8550564𝑋4                                                          (12)                                                                     

 

d) 5th-order Polynomial Regression 

At the fifth order, the relationship between the 

independent and dependent variables is expressed in the 

form of a higher-degree polynomial, namely a fifth-

degree or quintic polynomial, which incorporates terms 

up to x⁵. The training process for this model determines 

six coefficients: the intercept (b₀), linear (b₁), quadratic 

(𝑏2), cubic (𝑏3) quartic (𝑏4), and quintic (b₅). 

 

The developed model yielded the following parameters: 

an Intercept (b₀): 9.902910107716594, linear coefficient 

(b₁) of -7.29617638, quadratic coefficient (b₂) of -

1.47187878, cubic coefficient (b₃) of -5.64689117, 

quartic coefficient (b₄) of 2.39139853, quintic 

coefficient (b₅) of -1.37466803, Thus, the 5th-order 

polynomial regression equation to predict the value of Y 

is written as follows: 

 

𝑌 = 9902.910107716594 − 7.29617638 −
1.47187878𝑋2 − 5.64689117𝑋3 +
2.39139853𝑋4  − 1.37466803                               (13) 

 

IV. PREDICTION 

At this stage, predictions are made using linear regression 
and polynomial regression methods by utilizing the previously 
developed models. 

1) Linear Regression Prediction 
In the course of the modeling process, the intercept (a) and 
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the slope (b) must first be determined. Subsequently, the 
prediction is calculated by evaluating the y value based on 
the formula. The calculation utilizes test data comprising 
244 entries. The prediction results obtained using the linear 
regression method are enumerated in the subsequent table: 

TABLE II.  RICE PRICE PREDICTION USING LINEAR REGRESSION 

 Actual Predicted 

542 10300 10771.75 

260 10000 9748.87 

44 9400 8965.39 

1009 13200 12465.66 

585 10150 10927.72 

… … … 

… … … 

588 9800 10332.86 

341 9900 9690.84 

83 9600 9023.43 

1503 13450 12701.43 

89 9650 9037.94 

 The following graph illustrates the outcomes of 
predicting the price of rice utilizing a linear regression 
model: 

 

Fig 7 Visualization of Linear Regression Models 

  Figure 7 above illustrates a visualization of rice price 
prediction utilizing a linear regression model. The blue dots 
represent the actual price of rice, while the red line signifies 
the predicted price based on the regression model. This 
model produces a line that demonstrates the tendency of 
price increases over time.  
 

2) Polynomial Regression Prediction 
Polynomial Regression Model that was constructed in the 
preceding stage encompasses polynomial orders ranging 
from second to fifth. Subsequent to the modeling process, 
which generates intercept  values and regression 
coefficients, predictions are derived utilizing the formula 
equation to calculate the y value. The process of prediction 
is contingent upon the utilization of testing data for 

calculation. The testing data utilized is the splitting result 
data, which amounts to 277 data points. The ensuing table 
presents the outcomes of employing the polynomial 
regression method for prediction purposes. 

TABLE III.  RICE PRICE PREDICTION USING POLYNOMIAL 

REGRESSION 

  Actual 2nd-order 3rd-order 4th-order 5th-order 

542 10300 10213,19 10153.46 9958,56 9992,16 

260 10000 9735,33 9594.57 9819,82 9797,11 

44 9400 9867,79 10074.80 9864,46 9899,67 

1009 13200 12625,43 12724.51 12978,24 13013,74 

585 10150 10350,81 10327.38 10110,29 10127,59 

… … … … … … 

… … … … … … 

421 9800 9917,87 9777.62 9741,56 9790,1 

244 9900 9730,31 9599.43 9838,67 9806,12 

60 9600 9843,15 10006.23 9894,32 9896,69 

1074 13450 13121,43 13135.97 13328,25 13383,77 

64 9650 9837,36 9989.97 9900,44 9895,79 

  The following visualization shows the predicted rice 
prices in Lhokseumawe City using the Polynomial 
Regression model. 

(a) 

 

(b) 
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(c) 

 
(d) 

 

Fig 8 Visualization of Polynomial Regression 

 

As illustrated in Figure 8, the visualization of rice price 

prediction using Polynomial Regression of each order 

employed is demonstrated. In this figure, the blue dots 

represent the actual price of rice, while the green line 

illustrates the trend of rice prices based on predictions from 

the Polynomial Regression model. 

E. Testing 

 The testing process entails the calculation of the 
discrepancy between the observed and anticipated values, 
employing three distinct evaluation methodologies: Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE), and 
Mean Absolute Percentage Error (MAPE). The Linear 
Regression Model yielded an MAE of 554.07, an RMSE of 
614.30, and a MAPE of 5.16%. Conversely, the 4th-order 
Polynomial Regression Model yielded optimal results, 
exhibiting an MAE of 205.23 and a MAPE of 1.85%. This 
model demonstrated superior prediction accuracy in 
comparison to other polynomial models of varying orders. 
While the 5th-order model demonstrated the optimal Root 
Mean Square Error (RMSE) value of 281.02, there was a 
marginal decline in accuracy. Consequently, the 4th-order 
polynomial regression model is regarded as the most optimal 
model for predicting rice price data in Lhokseumawe City. 

F. Result 

The results of the prediction made by the linear regression 
and polynomial regression methods can be analyzed using three 
main evaluation metrics: The following error metrics will be 
examined: mean absolute error (MAE), root mean squared error 
(RMSE), and mean absolute percentage error (MAPE). The 

following table presents a comparison of the two methods based 
on the three metrics outlined: 

TABLE IV.  COMPARISON OF TEST VALUES 

Model MAE RMSE MAPE 

Linear Regression 553.91 614.14 5.16% 

2nd-order Polynomial 
Regression 

286.50 359.55 2.54% 

3rd-order Polynomial 
Regression 

280.43 345.92 2.53% 

4th-order Polynomial 
Regression 

205.23 284.88 1.85% 

5th-order Polynomial 
Regression 

210.25 281.02 1.90% 

 
A comparative analysis of linear and polynomial regression 

models revealed a substantial superiority of the polynomial 
approach in predicting rice prices. The linear regression model 
was deficient, as evidenced by the elevated error rates across all 
evaluation metrics: MAE 553.91, RMSE 614.14, and MAPE 
5.16%. 

In contrast, the polynomial models that were examined were 
capable of significantly reducing the error, suggesting the 
presence of a robust nonlinear relationship in the data. The 4th-
order polynomial model demonstrated the optimal 
performance, with an MAE of 205.23, an RMSE of 284.88, and 
a MAPE of 1.85%. This model showed a substantially reduced 
prediction error, with a decrease of over 60% compared to the 
linear model. While the 5th-order model demonstrated a 
marginally superior Root Mean Square Error (RMSE) value of 
281.02, the selection of the 4th-order model as the optimal 
model was predominantly influenced by its lower Mean 
Absolute Percentage Error (MAPE) and Mean Absolute 
Deviation (MAD) values. This finding suggests that the 4th-
order model is accurate, more stable, and less sensitive to 
outliers than the fifth-order model. Consequently, 4th-order 
polynomial regression is recommended as the most reliable and 
effective predictive model for daily rice price dynamics in 
Lhokseumawe. 

V. CONCLUSION 

The findings of this study indicate that the 4th-order 

polynomial regression model is the most effective and stable 

method for predicting daily rice prices in Lhokseumawe City, 

with a low prediction error rate (MAPE 1.85%). The model’s 

capacity to capture nonlinear price fluctuations significantly 

surpasses the accuracy of linear regression models, thereby 

establishing it as a superior instrument for price analysis. These 

findings contribute to the scientific basis for local governments 

in designing proactive and data-driven price stabilization 

policies. Making precise predictions enables stakeholders to 

foresee price surges, strategize market interventions, ensure 

food security, and regulate regional inflation. However, this 

study is not without its limitations. Firstly, it relies exclusively 

on historical price data, excluding external variables such as 

supply data, distribution costs, and weather factors. 

Consequently, further research is recommended to develop a 

multivariate model that integrates these factors. Furthermore, 
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exploring more sophisticated forecasting methodologies, such 

as ARIMA or other machine learning models, could be a 

prospective research trajectory to enhance prediction accuracy. 
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