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Abstract 
 

The prices of nine essential goods (sembako) often experience fluctuations, which can affect people's purchasing power and economic 

stability. One commodity that frequently undergoes price changes is red bird's eye chili. One of the factors causing the instability of red 

chili pepper prices is extreme weather changes, such as heavy rainfall or droughts, which directly impact harvest yields and the availability 

of supplies in the market. This research aims to predict the price of red bird's eye chili in Musi Market using the Linear Regression 

algorithm. Furthermore, the study also develops an Android-based application to provide users with real-time and predictive price 

information for red bird's eye chili. This predictive information will be displayed through the Android-based application, making it easily 

accessible to users and helping them obtain price data quickly and accurately. This system integrates price data, weather, and seasonal 

events to predict price fluctuations. Evaluation results show that Linear Regression is the best model, with an MAE of 14,380.53 and an 

R² of 0.686, indicating the model's ability to explain 68.6% of the data variation, providing an efficient solution for price monitoring at 

Pasar Musi. 
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1. Introduction 

Bird’s Eye Chili (Capsicum frutescens) is a high-value horticultural commodity in Indonesia [1]. Chili is a highly perishable and seasonal 

agricultural product, and farmers using the same cultivation technology can typically only produce it once per season. During harvest 

peaks, it is advisable to plant large quantities of chili. This creates a dilemma where chili prices plummet and the produce spoils easily if 

mishandled. One major issue with red chili production is that farmers are constantly worried about price fluctuations. When chili production 

surges at certain times, the market price often drops. This is due to abundant supply while demand tends to remain stable in the short term 

[2]. Demand for red bird’s eye chili continues to increase each year, in line with population growth and the expansion of industrial sectors 

that use red bird’s eye chili as a raw material [3]. 

 

Based on observations at Pasar Musi, located at Jl. Ps. Musi No.14, Abadijaya, Sukmajaya Subdistrict, Depok City, West Java, which is 

one of the traditional markets playing a significant role in staple food distribution, this study utilizes two types of data: primary and 

secondary data, to achieve comprehensive and accurate results. Primary data will be obtained through direct observation at the research 

location, including observation of trading activities, interactions between sellers and buyers, and price variations of commodities. 

Meanwhile, secondary data will be collected from reliable sources such as the official website https://dataonline.bmkg.go.id/data-harian 

for weather data, https://infopangan.jakarta.go.id/commodity for red bird’s eye chili prices, and https://hargajateng.org/tabel-harga-kab for 

red bird’s eye chili prices, which provide up-to-date and relevant national food price information. 

 

To address the price fluctuations of red bird’s eye chili, the application of machine learning technology using the linear regression algorithm 

becomes a promising innovative solution [4]. This algorithm enables the development of a price prediction model based on historical data 

and factors that influence price, such as weather conditions, harvest volume, market demand, and distribution costs [5]. Through linear 

regression analysis, the relationship between independent variables (such as rainfall, air temperature, and stock availability) and the 

dependent variable (red chili price) can be structurally identified to produce accurate predictions [6]. 

 

The regression method is used to model data and predict numerically continuous price values by understanding the characteristics or 

features of unknown objects through patterns in the dataset. The prediction process in machine learning involves training using training 

data, such as date, commodity, market, and price variables [7]. The resulting model from this training is then used to predict daily chili 

prices. A data mining approach is also applied in this study, where mining is performed on a data set to produce useful new information, 
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namely daily chili price predictions [8]. Its implementation uses the Python programming language as the backend for chili price prediction 

[9]. 

 

This study aims to develop a red bird’s eye chili price prediction model at Pasar Musi using a linear regression algorithm based on machine 

learning. This model is expected to provide accurate daily price predictions by utilizing historical data and relevant variables such as 

weather conditions, harvest volume, and other market factors. The prediction information will be displayed through an Android-based 

application, allowing easy access for users [10]. 

2. Research Methodology 

2.1. Rapid Application Development (RAD) 
The system development method used is Rapid Application Development (RAD). RAD is an adaptive software development method based 

on models or prototypes. This method is iterative, relying on feedback in each iteration. The RAD approach emphasizes the system 

development process through models or prototypes rather than detailed and extensive planning [11]. The RAD system development 

approach is illustrated in the figure below. 

 
Fig. 1: Rapid Application Deveopment (RAD) 

 

The stages of the RAD method are explained as follows: 

1. Requirements Planning: 

Identification of system requirements based on interviews, consisting of: 

Main features: Red bird’s eye chili price prediction and selling feature. 

Supporting features: Vegetable price list and vegetable commodity information articles. 

2. System Design: 

Three design stages: 

Prototype: UI development using Flutter based on feature requirements. 

Feedback: Gathering input from users. 

Refine: Refining the application based on the feedback. 

3. Construction: 

Intensive prototype development using: 

Technology: Flutter and Dart. 

Main features: Price prediction (using linear regression) and selling feature. 

Supporting features: Vegetable price list and informational articles. 

Testing: Using the black box method. 

4. Deployment: 

The application is ready for use by users after all development stages are completed. 

 

2.2. Cross Industry Standard Process for Data Mining (CRISP-DM) 
 

CRISP-DM was chosen because it is a proven, flexible, and structured process model for data mining and data science projects. This model 

provides a clear framework from business understanding to deploying the model in a production environment. It is capable of being 

integrated with agile approaches and focuses on the implementation of analytical results. Below is an illustration of the CRISP-DM process 

along with its explanation. 

 

 
Fig. 2: CRISP-DM Method 
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The stages of the CRISP-DM method are explained as follows: 

1. Business Understanding: 

Identify the problem and business objectives. 

Main objective: To predict the price of red bird’s eye chili at Pasar Musi. 

2. Data Understanding: 

Collect and explore primary and secondary data related to chili prices to understand the context of the problem. 

3. Data Preparation: 

Clean and prepare the data for analysis, including: 

Handling missing data 

Format transformation 

Data processing using Python 

4. Modeling: 

Develop a predictive model using training data to estimate the price of red bird’s eye chili. 

5. Evaluation: 

Assess the model’s performance using metrics such as accuracy to ensure it meets the initial objectives. 

6. Deployment: 

The model is implemented into the system to automatically predict chili prices at Pasar Musi. 

3. Result and Discussion 

Currently, the fluctuation of red bird’s eye chili prices at Pasar Musi still relies on manual recording conducted by vendors and market 

managers, which means that price updates are not done in real time. This update process often experiences delays, as chili prices can change 

daily, but the available information is only updated during market operating hours [12]. This results in limited access to fast and accurate 

information. In addition, the methods used to predict red chili prices are still manual, lacking a technology-based analytical system that can 

estimate price movements more precisely. The absence of a price prediction system using analytical algorithms further limits the accuracy 

and speed of price information accessible to vendors and consumers. Therefore, the development of an Android-based application that can 

provide real-time price information, equipped with a price prediction feature using a linear regression algorithm, can greatly improve the 

efficiency and accuracy of red bird’s eye chili price data [13]. This application will enable users to access faster and more accurate price 

information, as well as provide price predictions based on more accurate historical data [14]. 

3.1. Functional Requirements Analysis 

Functional requirements analysis is conducted to identify the core functions that the system must have in order to operate according to its 

objectives. These requirements are related to the features and services provided by the system to ensure the developed application can be 

used properly and effectively. The following are the functional requirements of the system to be developed: 

1. A home feature used to predict the price of red bird’s eye chili. 

2. A category feature that displays the prices and types of available vegetables. 

3. A store feature that shows the available stores and allows users to contact them. 

4. A news feature that displays the latest news related to economy, sports, national, international, and politics. 

3.2. System Implementation Results  

The red bird’s eye chili price prediction application was developed to address delays and inaccuracies in price recording, which is still done 

manually at Pasar Musi. This Android-based application includes several core features designed to enhance the efficiency, accuracy, and 

speed of accessing and predicting chili price information [15]. 

Functional requirements analysis was conducted to identify the main functions that the system must have to operate effectively and meet 

its objectives. These requirements relate to the features and services provided by the system, ensuring that the application can be used 

properly and delivers value to its users. The implemented features of the system are as follows: 

1. Home Feature: Enables price prediction for red bird’s eye chili using a linear regression algorithm. This feature analyzes historical 

price data to forecast future price movements, allowing users to obtain price information more quickly and accurately. 

2. Category Feature: Displays real-time prices and types of available vegetables in the market, providing users with comprehensive and 

up-to-date information. 

3. Store Feature: Lists stores that sell red bird’s eye chili and other vegetables, along with contact details such as phone numbers and 

store addresses, making it easier for users to make purchases or contact vendors directly. 

4. News Feature: Presents the latest news related to the economy, sports, national, international, and politics, offering users additional 

insights into external factors that may influen. 

3.3. Data Collection and Preprocessing 

In this study, a total of 1,892 datasets were collected for chili price data and another 1,892 datasets for weather data, of which 30 datasets 

were obtained through direct observation at Pasar Musi. The remaining data was gathered from three sources that provide up-to-date 

information on red bird’s eye chili prices and other commodities. First, data was sourced from https://hargajateng.org/tabel-harga-kab, 

which provides tables of agricultural commodity prices in the Central Java region, including regularly updated prices for red bird’s eye 

chili. Second, price and commodity type information was obtained from https://infopangan.jakarta.go.id/commodity, a website that offers 

food price data from markets across DKI Jakarta, enabling monitoring of price movements in the capital region. Third, relevant 

meteorological data that influences red chili prices was gathered from https://dataonline.bmkg.go.id/data-harian, which provides daily 

weather data that plays a crucial role in agricultural yields and commodity price fluctuations. 
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The integration of these three data sources enables more in-depth and accurate analysis of the factors affecting red bird’s eye chili prices 

in the market and provides a strong foundation for future price prediction [16]. After data collection, the next step is data preprocessing, 

which aims to reduce machine computation, speed up processing time, and improve the accuracy of model estimation. This involves data 

cleaning, including filling in missing values and correcting inconsistent data entries. 

3.4. Algorithm Implementation 

The implementation begins by loading two main datasets: chili price data and weather data, which are then processed and merged based 

on the date column to form a unified dataset. Subsequently, the weather and price data are combined and enriched with additional features, 

such as the previous month's price and indicators for special events—namely the fasting month and the Christmas–New Year period—

which are expected to influence price fluctuations. Below is a screenshot of the code that has been created in Google Colab. 

 
Fig. 3: Code Implementation Part 1 

 

The next step is the application of business rules based on domain knowledge. These rules associate chili prices with two main weather 

factors—sunlight duration and rainfall—which are logically assumed to influence prices either upward or downward depending on their 

intensity. In addition, seasonal price fluctuation scenarios are incorporated, based on the assumption that during festive months such as the 

fasting month and the Christmas–New Year period, chili prices tend to surge due to increased demand. After preprocessing and feature 

engineering are completed, the data is split into training data (70%) and testing data (30%). 

 

 
Fig. 4: Code Implementation Part 2 

3.5. Algorithm Testing and Evaluation Results 

In this study, regression modeling was conducted to predict the target variable using three different algorithms: Decision Tree Regressor, 

Random Forest Regressor, and Linear Regression. The dataset was split into two parts: 70% for training and 30% for testing, using the 

parameter random_state=72 to ensure reproducibility of the results. Each model was trained on the training data subset and tested on the 

testing data to evaluate its predictive performance. The evaluation was carried out using two primary metrics: Mean Absolute Error (MAE) 

and R-squared (R²) score. 

1. MAE measures the average absolute error between the predicted and actual values. 

2. R² indicates how well the model explains the variability of the data. 

Below is the formula used to calculate MAE and R²: 

MAE = 
1

n
 ∑ |n

i=1 γi− γ̂i | 

Where: 

γi is the actual value 

γ̂i is the predicted value 

n is the number of data points 
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Table 1: Manual Calculation Table for 5 Samples 

No Nilai Aktual (γ_i) Nilai Prediksi 𝛄̂𝐢 Selisih Absolut 

1 48193 54,417.57 6,224.57 

2 57107 59,981.53 2,874.53 

3 66431 89,867.37 23,436.37 

4 73970 94,573.08 20,603.08 
5 86907 102,648.13 15,741.13 

    
MAE = (6,224.57 + 2,874.53 + 23,436.37 + 20,603.08 + 15,741.13) / 5 = 68,879.68 / 5 = 13775.936 

Simple Explanation: 

1. Calculate the difference between the predicted value and the actual value for each data point. 

2. Convert the difference to an absolute (positive) value. 

3. Sum all the absolute differences. 

4. Divide by the number of data points. 

Based on the calculation example above, where we have 1,892 data points—70% used as training data (1,324 data points) and 30% as 

testing data (568 data points)—if the total absolute difference from the 568 test samples is 8,168,139.24, then: 

MAE = 8,168,139.24 ÷ 568 = 14,380.53 

The above explains the MAE formula and how it is calculated. Below is the formula and calculation method for R². 

R2 = 1 - 
∑ ( γi− γ̂i )

2n
i=1

∑ ( γi− γ̅i )2n
i=1

 

Dimana: 

γi is the actual value 

γ̂i is the predicted value 

γ̅i is the average of the actual values 

 
Table 2: SSres Calculation Table for 5 Samples 

No Nilai Aktual (γ_i) Nilai Prediksi γ̂i (γᵢ - γ̂ᵢ)² SSres 

1 48193 54,417.57 (6,224.57)2 = 38,745,271.69 
2 57107 59,981.53 (2,874.53)2 = 8,262,922.72 

3 66431 89,867.37 (23,436.37)2 = 549,263,438.78 

4 73970 94,573.08 (20,603.08)2 = 424,486,905.49 

5 86907 102,648.13 (15,741.13)2 = 247,783,173.68 

 
Total SSres = 38,745,271.69 + 8,262,922.72 + 549,263,438.78 + 424,486,905.49 + 247,783,173.68 = 1,268,541,712.36 

Average (ȳ) = (48,193 + 57,107 + 66,431 + 73,970 + 86,907) / 5 = 332,608.00 / 5 = 66,521.6 

 
Table 3: SStot Calculation Table for 5 Samples 

No Nilai Aktual (γ_i) ȳ = 66,521.6 (γᵢ - ȳ)² SStot 

1 48193 18328.6 335,937,577.96 

2 57107 9414.6 88,634,693.16 
3 66431 90.6 8,208.36 

4 73970 7448.4 55,478,662.56 

5 86907 20385.4 415,564,533.16 

 

Total SStot = 335,937,577.96 + 88,634,693.16 + 8,208.36 + 55,478,662.56 + 415,564,533.16 = 895,623,675.20 

R² = 1 - (SSres / SStot) = 1 - (1,268,541,712.36 / 895,623,675.20) = 1 – 1.416 = -0.416 

Simple Explanation: 

1. Calculate the average of all actual values (ȳ). 

2. Calculate the total residual sum of squares (SSres): the sum of the squared differences between actual and predicted values. 

3. Calculate the total sum of squares (SStot): the sum of the squared differences between actual values and the average of actual values. 

4. Calculate R² = 1 - (SSres / SStot) 

Based on the calculation example above, where we have 1,892 data points—70% used as training data (1,324 points) and 30% as testing 

data (568 points)—if from the 568 test samples we obtain: 

SSres = 2.3826 × 10¹² = 2,382,600,000,000 

SStot = 7.5895 × 10¹² = 7,589,500,000,000 

R2 = 1 -  
𝑆𝑆𝑟𝑒𝑠

𝑆𝑆𝑡𝑜𝑡
 = 1 - 

2,382,600,000,000

7,589,500,000,000
 = 1 – 0.314 = 0.686 

 

The evaluation results show that Linear Regression delivered the best performance, with a MAE of 14,380.53 and an R² of 0.686, indicating 

that the model is able to explain approximately 68.6% of the variation in the target data. Random Forest followed with a fairly competitive 

performance (MAE = 14,992.93, R² = 0.617), reflecting the strength of ensemble models in reducing overfitting. Meanwhile, Decision 

Tree showed lower performance, with a MAE = 20,641.79 and R² = 0.307, indicating that this model is less stable and tends to overfit the 

training data. Overall, Linear Regression proved to be the most effective model in the context of the dataset and preprocessing techniques 

used in this experiment. Below is a visual comparison of predicted and actual values. 
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Fig. 5: Scatter Plot Comparison 

 

The image above shows scatter plots comparing the predicted chili prices and the actual prices for three regression models: Decision Tree, 

Random Forest, and Linear Regression. The Decision Tree model shows widely scattered predictions from the ideal line, indicating 

overfitting and inaccuracy, especially at higher price values. The Random Forest model produces more accurate and stable results, with 

most points closer to the ideal line, although some deviations still occur at extreme values. The Linear Regression model demonstrates the 

most consistent predictions, closely aligned with the regression line, reflecting a strong linear relationship and the best performance based 

on both MAE and R². 

3.6. Software Implementation 

After completing the training process of the linear regression model using the training data, the trained model was saved into a file using 

the joblib module. The next step was to implement this model into a Flutter application, by first storing the trained model [17]. Below is 

the User Interface (UI) display of the developed application, which includes several features: 

1. A home feature for predicting the price of red bird’s eye chili, 

2. A category feature to display different types of vegetables, 

3. A store feature to show available stores, 

4. A news feature that provides updates on economic, sports, national, international, and political news. 

 

 
Fig. 6: Application Interface 

3.7. Application Testing 

In the alpha testing phase, a direct experiment was conducted to evaluate the functionality and performance of the Android-based system. 

The testing covered the accuracy of red bird’s eye chili price predictions using linear regression, the display of vegetable prices and types, 

the store list along with contact features, and the news feature across various categories. The goal was to ensure that all features function 

as designed under real-world conditions. 

 
Table 4: Software Testing 

No Software Expected Outcome Conclusion 

1 Running the modeling code to 

generate MAE and R² Score in 

Google Colab. 

Obtain MAE and R² Score values. Successful 

2 Running the code to display the 

scatter plot in Google Colab. 

Obtain a scatter plot visualization. Successful 

3 Running the code to save the model 

as prediksi_harga_model.pkl in 

Google Colab. 

Obtain the prediction model file 

prediksi_harga_model.pkl. 

Successful 

4 Running the API endpoint code to 

obtain a local server in Visual 
Studio Code. 

Obtain a local API server that can be 

tested in Postman. 

Successful 

 
Table 5: Application Testing 
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No Application Feature Testing Expected Outcome Conclusion 

1 Running the SiCabe application to test 

red bird’s eye chili price prediction by 
inputting previous price values, 

sunlight duration, rainfall, and 

selecting an event on the home 

feature. 

Obtain the predicted price of red 

bird’s eye chili. 

Successful 

2 Running the SiCabe application on the 

category feature to display vegetables. 

Display the types of vegetables and 

their prices. 

Successful 

3 Placing a vegetable order or 

contacting a store via the vegetable 

detail or store detail page. 

Redirected to WhatsApp to place an 

order or make contact. 

Successful 

4 Running the application on the store 

feature to display available stores. 

Display available stores. Successful 

5 Running the application on the news 

feature to display available news. 

Display available news. Successful 

 

4. Conclusion  
 

This study utilized data from three main sources: agricultural commodity prices in Central Java, food prices in DKI Jakarta, and 

meteorological data such as rainfall and sunlight duration. This data was used to develop a red bird’s eye chili price prediction model using 

three regression algorithms: Decision Tree, Random Forest, and Linear Regression. The evaluation results showed that Linear Regression 

delivered the best performance, with an MAE of 14,380.53 and an R² of 0.686, indicating that the model could explain approximately 

68.6% of the price variation based on input factors such as the previous month's price, weather conditions, and seasonal events like 

Ramadan and the Christmas–New Year holidays. 

 

From this analysis, it can be concluded that the two main factors causing red chili price fluctuations are weather conditions, especially 

rainfall and sunlight, which affect harvest outcomes, and seasonal events, such as Ramadan and year-end celebrations, which lead to spikes 

in demand. The testing results confirmed that all application features performed well and met expectations. Further development can 

include: adding other variables such as stock availability to improve prediction accuracy, expanding prediction coverage to other 

commodities, using more region-specific price data. Additionally, the vegetable types and store features can be further developed through 

the backend to enable more efficient automatic updates, and real-time data integration from various sources can be enhanced to provide 

faster and more accurate price information. 
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