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Abstract 

 
This study examines the problems faced by PT XYZ in predicting the fluctuating demand for dried seaweed, which has resulted in 

difficulties in determining the optimal production quantity. The objective of this study is to develop a more accurate prediction model using 

multiple linear regression algorithms, taking into account marketing costs, the number of marketing personnel, and the number of 

consumers. The methods employed include collecting historical sales data of seaweed from 2020 to 2023, followed by data cleaning and 

transformation, data exploration, and model development. The results indicate that marketing costs have the greatest influence on market 

demand, with a coefficient of 34.68, followed by the number of consumers and the number of marketing personnel. The multiple linear 

regression model built demonstrates very high accuracy, with an R² value of 99.83% on the training data and an RMSE of 0.54 on the test 

data, indicating a low level of prediction error. This study makes an important contribution to the development of market demand prediction 

models and provides practical benefits for PT XYZ in optimizing production planning and marketing strategies. 
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1. Introduction 
 

Seaweed is one of the leading commodities in world trade, and Indonesia is one of the countries that supply seaweed raw materials to 

countries in need. According to data from the Ministry of Maritime Affairs and Fisheries, Indonesia is one of the largest seaweed producers 

in the world with production reaching 10.3 million tons in 2020.[1] The demand for seaweed markets both at home and abroad is very 

large, even for the local level of consumption (market) the cultivators are still struggling to meet it. Not to mention the foreign demand 

which is increasing day by day, it can even be said to be unlimited. 

 

The seaweed industry is one of the sectors that has an important role in the global economy, especially in areas with abundant marine 

potential such as Indonesia. [2] Seaweed is not only a nutritious food source, but also has high economic value as a raw material for the 

food, cosmetics and pharmaceutical industries. [3] In addition, seaweed also has benefits in the biotechnology industry, seaweed is used as 

a source of raw materials for the production of drugs, enzymes, and other chemicals, while in the bioenergy industry, seaweed can be 

processed into environmentally friendly biofuels. [4] With its many benefits and industrial potential, seaweed has become one of the leading 

commodities in the global market and a source of income for many maritime countries such as Indonesia. [5] In Indonesia, the two most 

widely cultivated types of seaweed are Eucheuma cottonii and Eucheuma spinosum. 

 

[6] Inaccurate predictions of seaweed market demand can lead to stock issues that have a significant impact on a company's performance. 

If the forecast is too low, the company will face stock shortages that could potentially lead to lost sales opportunities. [7] On the other 

hand, if the forecast is too high, the company will face overstocks that can lead to high storage costs and the risk of long-term losses. [8] 

To overcome the challenge of inaccurate market demand prediction, a company needs an appropriate prediction model. A multiple linear 

regression algorithm was chosen to develop a seaweed market demand prediction model that can analyze the relationship between multiple 

independent variables and market demand so as to provide a more accurate basis for decision making in optimizing Company's resources. 

 

The purpose of this study was to analyze the accuracy of multiple linear regression algorithms in predicting seaweed demand production 

based on marketing cost variables, the number of marketing personnel, and the number of consumers by building a prediction model that 

can measure the level of accuracy in predicting production needs, identifying variables that have the most influence on seaweed demand, 

and providing production planning recommendations to optimize the seaweed production process accordance with market demand. 

 

 

2. Research Methods 
2.1     Profile of the Research Object 

https://ioinformatic.org/
https://issn.brin.go.id/terbit/detail/20211008340993531
mailto:ragalaymonika@gmail.com
mailto:fajar@unkriswina.ac.id


423 Journal of Artificial Intelligence and Engineering Applications 

 
This research was conducted at a regionally owned enterprise located in Kaliongga, East Sumba, Nusa Tenggara Timur (NTT), which 

specializes in the processing and marketing of dried seaweed. The primary focus of the study is the company itself, given the relevance of 

its business operations to predicting seaweed demand. Established in 2011 through a deed of incorporation, the company is predominantly 

owned by the Regional Government (PEMDA), holding a 99% ownership stake. Its organizational structure comprises a managing director 

and three managers, each responsible for finance and personnel, marketing and production, and infrastructure. The enterprise employs a 

total of 86 individuals, with a daily wage rate of Rp84,000. The marketing activities are conducted via personal approaches, digital media 

platforms, and the distribution of product samples, incurring marketing expenses amounting to Rp27 million per container. 

 

2.2 Research Flow 

 
Fig. 1: Research flow 

This research entailed a comprehensive analysis of historical sales data and its influencing factors, involving systematic data collection and 

preliminary exploration to identify relevant patterns and variables. The study proceeded with the development of multiple linear regression 

models to quantify relationships between demand and potential predictors. Through rigorous evaluation of model performance metrics, 

such as R-squared and residual analysis, the research aimed to elucidate the key variables impacting seaweed demand, thereby providing 

valuable insights for strategic decision-making and market forecasting. 

 

2.3 Data collection 
 

The research adopted a comprehensive mixed-methods approach, integrating both qualitative and quantitative methodologies to facilitate 

a holistic understanding of the company’s operational and financial dynamics. This methodological synergy was essential in capturing the 

complexity of organizational processes and market behaviors, thereby enabling a nuanced analysis that would be unattainable through 

singular methodological lenses. 

 

On the qualitative front, the study conducted an in-depth interview with a key informant—an individual possessing extensive knowledge 

of the organization’s internal processes, financial strategies, and market positioning. This interview aimed to elicit rich, detailed insights 

into the company’s strategic decision-making, operational challenges, and competitive advantages. The qualitative component was 

designed to complement the quantitative data by providing contextual understanding, uncovering underlying motivations, and capturing 

organizational nuances that are often not reflected in numerical data. The interview was semi-structured, allowing flexibility to probe 

emergent themes while maintaining consistency across questions. The responses were recorded, transcribed verbatim, and subjected to 

thematic analysis to identify recurrent patterns and salient themes. This process facilitated an interpretative understanding of the company’s 

internal mechanisms, operational priorities, and strategic orientation, which served to contextualize the quantitative findings effectively. 

 

Concurrently, the quantitative component relied on secondary data collected from the organization’s internal documentation and databases. 

The dataset encompassed a range of financial and operational indicators, including sales figures from 2020 to 2023, marketing expenditures, 

profiles of sales personnel, and detailed customer demographic and transactional data. These data points enabled the analysis of temporal 

sales trends, assessment of marketing effectiveness, personnel influence on sales performance, and customer behavior patterns. The process 

of data collection was meticulous, ensuring completeness and accuracy. Data cleaning was a crucial step to enhance data integrity; this 

involved systematically identifying and rectifying inconsistencies, addressing missing values through appropriate imputation techniques, 

and managing outliers that could distort analysis. Proper data cleaning ensured that subsequent analyses would be reliable and valid. 

 

Following data preparation, exploratory data analysis (EDA) was conducted to understand the underlying structure and relationships within 

the dataset. Correlation analysis was prominently employed to identify statistically significant associations between variables—such as the 

correlation between marketing expenditures and sales growth, or between salesperson profiles and customer acquisition rates. EDA served 

as a foundation for feature selection and informed the choice of predictive modeling techniques. The dataset was then partitioned into 

training (75%) and testing (25%) subsets to facilitate model development and evaluation. This split aimed to prevent overfitting, ensuring 

that the models would generalize well to unseen data. 

 

Various modeling algorithms suitable for the nature of the data—such as multiple linear regression, logistic regression, decision trees, or 

ensemble methods—were employed to construct predictive models. The selection of specific algorithms was guided by the data type, 

distribution, and the research objectives. For example, regression models were used to forecast sales figures, while classification models 

might have been employed to predict customer churn. Model building involved iterative processes of training, tuning, and validation to 

optimize predictive accuracy and robustness.  

 

Model performance was rigorously evaluated using appropriate metrics. For regression models predicting continuous outcomes such as 

sales revenue, metrics like Root Mean Square Error (RMSE) and R-squared were used to assess accuracy and explanatory power. For 

classification tasks—such as predicting whether a customer would respond to a marketing campaign—metrics like accuracy, precision, 

recall, and the F1-score were considered. To ensure that the models maintained their predictive validity beyond the training data, cross-

validation techniques—such as k-fold cross-validation—were employed. These validation procedures helped detect and mitigate 

overfitting, thereby enhancing the models’ generalization capabilities. 

 

Interpreting the models involved examining the contribution of individual variables to the predictive outcomes. Techniques such as 

coefficient analysis in regression models or feature importance measures in ensemble models provided insights into which factors most 

significantly influenced sales performance or customer retention. This interpretability was critical for translating statistical findings into 

practical, actionable insights. 
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The culmination of this rigorous analytical process was the translation of results into strategic recommendations. These insights aimed to 

inform decision-making processes related to marketing strategies, personnel deployment, resource allocation, and customer engagement 

initiatives. By integrating qualitative contextual understanding with quantitative empirical evidence, the research provided a well-rounded, 

evidence-based foundation for organizational improvements and strategic planning. Ultimately, this comprehensive approach facilitated a 

deeper understanding of the complex interplay between operational activities and financial outcomes, equipping the company with valuable 

insights to enhance its competitive positioning and operational efficiency. 

 

2.4 Model Building  
 

The following is a sample of historical data of PT Asti Business Seaweed for the period 2020-2023 which will be used as the basis for 

making prediction models: 

Table 1. Original Data 

 

No year Marketing 

Cost (Rp) 

Marketing 

Staff 

Number of 

Consumers 

Marked 

Demand 

1 2020 85.000.000 8 12 45.02 

2 2020 0.257021 9 14 52.08 

.. ... ... ... ... ... 

48 2023 141.000.000 13 21 73.09 

 

 

Purpose of Standardization: Changing the data distribution to have a mean of 0 and a standard deviation of 1. Standardization is particularly 

useful for algorithms that assume normally distributed data, such as linear regression and SVM. 

 

Standardization Formula (Z-score): 

 Z = (X - μ) / σ                   (1) 

 

Where:  

 X is the original value  

 μ is the average (mean) of the column  

 σ is the column standard deviation 

 

Calculation example for the first row of Marketing Cost: 

Marketing Cost: μ = 93,600,000, σ = 15,478,133  

Marketing Staff: μ = 8.6, σ = 1.174  

Number of Consumers: μ = 13.7, σ = 1.889  

Market Demand: μ = 49.447, σ = 7.598 

 

2.5 Data Exploration 
 

The purpose of correlation analysis is to measure the strength and direction of the linear relationship between two variables, which is very 

important in the data modeling process. Through this analysis, we can determine the extent to which the independent variable has an 

influence on the dependent variable, which can help in the process of selecting relevant features. In addition, correlation analysis is also 

used to detect multicollinearity, which is a condition when there is a very high correlation between independent variables that can interfere 

with the stability and interpretation of the model. To measure the correlation, one of the commonly used methods is the Pearson Correlation 

formula as follows: 

 

r = Σ[(X - μX)(Y - μY)] / [√Σ(X - μX)²∗ √Σ(Y - μY)²]                (2) 

 

Where: 

X, Y are pairs of values of two variables  

μX, μY is the average of each variable 

 

2.6 Model Building 

 

Model building was done using the Scikit-learn library in Python which provides implementation of various machine learning algorithms 

including linear regression. Google Colab eases the computational process with support for visualization of results and monitoring of the 

model training process. To build a multiple linear regression model, it is necessary to determine the intercept and coefficient for each 

independent variable. Multiple linear regression formula: 

 

Y =𝑏 0 + 1𝑏𝑥 1 + 2𝑏𝑥 2 + 3𝑏𝑥 3 + ε                 (3) 

 

Where: 

Y is the dependent variable (Market Demand)   

β₀ is the intercept  

β₁, β₂, β₃ are regression coefficients  

X₁, X₂, X₃ are independent variables (Marketing Cost, Marketing Staff, Number of Consumers)  

ε is error term 
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3. Results and Discussion 
3.1   Environment Preparation 
The implementation of the seaweed demand prediction model was carried out using the Google Colab platform with the Python 

programming language. Google Colab was chosen because it provides a free computing environment with GPU support and is integrated 

with Google Drive for data storage. 

3.1.1 Import Library 

 

 

Fig. 2: Import Library Script 

The figure shows the import library script which includes: pandas for data manipulation and analysis with DataFrame structures, numpy 

for numerical operations and multidimensional arrays, matplotlib.pyplot for basic visualization, seaborn for more interesting statistical 

visualizations, sklearn (scikit-learn) for implementing machine learning algorithms and spicy for advanced statistical operations. 

 

3.2  Data Preprocessing 
3.2.1 Data Input 

Fig. 3: Script Load Data 

The figure displays a data loading script that uses the pd.read_excel() function to read an Excel file. This script comes with a visual progress 

bar using the "" character to provide feedback to the user during the loading process. 
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. 

Fig. 4: Output of Data Loading Results 

The following shows the output that was successfully loaded with a total of 48 rows of data and 4 columns (cost_marketing, 

number_of_staff_marketing, number_consumers, demand_market). The output displays the data type information of each column and a 

preview of the first 5 rows, which gives an idea of the structure and format of the data to be analyzed. 

 
3.2.2   Data Cleaning 

Fig. 5: Data Processing Script 

The figure is a preprocessing script for initial checking of the dataset: identify missing values (df.isnull().sum()), check for 

duplication (df.duplicated().sum()), verify data types (df.dtypes), and display descriptive statistics. 

Fig. 6: Preprocessing Result 

The output displays information that there is no duplication of data and all variables have the appropriate data type to be analyzed. 
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Fig. 7: Data Cleaning Script 

The image is done for double-checking to make sure there are no missing values left. 

 
Fig. 7: Data Cleaning Result 

The figure shows the result of data cleaning with the amount of data reduced from 48 to 45 rows. 

3.2.3 Input Data Outlier Detection and Handling 

Fig. 8: Outlier Graph 

The box plot shows the data distribution with no significant outliers, all data is retained for analysis. 

 

3.2.4 Data Normalization 

 
Fig. 9: Normalization Script 

The figure displays the script to perform data normalization using MinMaxScaler from scikit-learn which rescales all variables to a range 

of 0-1. 
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Fig. 10: Normalized Data Results 

The figure shows the results of the normalized data, with all values in the 0-1 range, which ensures a balanced contribution of each variable 

in the model. 

 

3.3 Data Exploration 
Data exploration is a fundamental stage to understand the characteristics of the dataset in depth. This stage includes correlation analysis 

and data visualization to identify patterns, trends, and relationships between variables that will affect the performance of the prediction 

model. 

1. Correlation Analysis  

 
Fig. 11: Correlation Analysis Script 

The figure displays the script for calculating the correlation matrix using the corr() function which measures the Pearson correlation 

coefficient between all variables in the dataset. 

 
Fig. 12: Correlation Analysis Output 

Correlation of marketing cost with market demand = 0.95, number of marketing staff with market demand = 0.93, and number of consumers 

with market demand = 0.92, indicating a very strong positive relationship. 
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2. Data Visualization 

 
Fig. 13: Data Visualization Script 

The figure shows a script that creates subplots with different types of visualizations: scatter plot to show the linear relationship between 

variables, correlation heatmap with annotation of correlation values, histogram to show the distribution of each variable, and box plot for 

outlier detection.  

  
 

Fig. 14: Data Visualization Graph Output 

Exploratory analysis of the data shows that Marketing_Cost has a very dominant relationship with Market_Demand with an almost perfect 

correlation (r = 0.999), as seen from the correlation heatmap which displays a solid red color and the scatter plot which forms a very tight 

linear line. The distribution of Market_Demand shows a normal distribution with peaks in the range of 50-60 units, while other variables 

such as Marketing_Staff display a much weaker relationship with widely scattered points. Time factors (Year and Month_int) actually 

show a weak negative influence on market demand, with Year having a correlation of -0.357 indicating a downward trend from 2016 to 

2023, and Month_int with a correlation of -0.186 indicating minimal seasonal influence. The consistent linear relationship between 

Marketing_Cost and Market_Demand in both figures confirms that marketing cost is the single most reliable and dominant predictor in 

this prediction model, explaining why it has the highest coefficient in the linear regression model and is a key factor in determining the 

level of market demand. 

 

3.4  Model Construction 

3.4.1 Data Sharing 

 

Fig. 14: Data Sharing Script 
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The figure shows the script to split the dataset into training and testing data using train_test_split with a proportion of 75:25, ensuring 

unbiased model evaluation. 

 

3.4.2 Linear Regression Model Implementation 

The multiple linear regression model was implemented using Linear Regression from Scikit-learn. This model automatically calculates the 

regression coefficients using Ordinary Least Squares (OLS). 

Fig. 15: Multiple Linear Regression Model Script 

 
3.4.3 Model Results 

 
Fig. 16: Model Results Output 

Based on the model building results, the dataset is divided into 33 samples for training and 12 samples for testing. The linear regression 

model produces the equation: Marked_Demand = 38.866 - 0.187489 × Year + 0.0078961×Month_int + 34.677216 × Marketing_Cost + 

0.400949 × Martketing_Staff + 3.88555 × Numer_of_Consumers, From the resulting coefficients, Marketing_Cost has the greatest impact 

on market demand (34.68), followed by Number_of_Consumers (3.89) and Marketing_Staff (0.40), while the time factors (Year and 

Month_int) show a negative trend indicating a decrease in demand over time. 

 

3.5 Model Evaluation 
  3.5.1  Evaluation Metrics 

The model evaluation was conducted using multiple metrics to get a comprehensive overview of the model performance. Each metric 

provides a different perspective on the prediction quality of the model. 
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Fig. 17: Model Evaluation Script 
The script above performs model evaluation using various metrics such as Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), Mean Absolute Error (MAE), and R-squared. 

 

 
Fig. 18: Model Evaluation Output 

 

The model performed very well with R-squared of 99.83% (training) and 99.75% (testing). MSE training 0.13 and testing 0.29, RMSE 

training 0.36 and testing 0.54. The small difference between training-testing indicates no overfitting and good generalization ability. The 

model can provide accurate and consistent predictions for practical implementation. 

 

3.5.2 Cross Validation 
Cross-validation is performed to ensure the stability and generalization of the model on different data. 

Fig. 19: Cross Validation Script 
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The figure displays a script to perform cross-validation using the cross_val_score function that evaluates the consistency of model 

performance on various subsets of data. 

 

 
Fig. 20: Cross Validation Output 

The cross-validation results show excellent model performance consistency across multiple folds. The cross-validation RMSE scores 

obtained are [0.7303427, 0.4755309, 0.4141421, 0.4154644, 0.3308312], with a Mean CV RMSE of 0.47 and a Standard Deviation CV 

RMSE of 0.14. The relatively low mean value indicates that the model consistently produces predictions with a small error rate on various 

subsets of data. 

 

3.5.3 Interpretation of Results 
Interpretation of the final results provides an overall conclusion on the performance of the model and its implications for the Company's 

business. 

 
Fig. 21: Result Visualization Script 

This code creates 4 model evaluation graphs: (1) actual vs predicted scatter plot for training data with R², (2) the same scatter plot for 

testing data, (3) residual plot to check model bias, and (4) feature importance bar chart based on model coefficients. All are displayed in a 

2x2 layout with the title "Prediction Model Evaluation". 
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Fig. 22: Result Visualization Output 

 

Based on the prediction model evaluation visualization, the results show excellent performance with R² = 0.998 on both training and 

testing data, indicating the model can explain 99.8% of market demand variation. The actual vs predicted scatter plot shows dots that 

almost perfectly follow the red diagonal line, indicating the prediction is very accurate. The residual plot shows the errors are randomly 

scattered around the zero line with no particular pattern, indicating the model is unbiased. The feature importance chart confirms that 

Marketing_Cost has the dominant influence (about 35 units), followed by Number_of_Consumers (about 3.5 units), while Year, 

Month_int, and Marketing_Staff have very little influence, which is consistent with the previous coefficient results. 

 

3.5.4 Visualization of Final Results 

 
 

Fig. 23: Result Visualization Script 

This script shows the implementation of Python code to interpret the results of the regression model. The code starts with the header 

"INTERPRETATION OF RESULTS" and uses the print() function to display the regression coefficients of each independent variable. 

The script accesses the model coefficients through model.coef_[0], model.coef_[1], and model.coef_[2] for the variables Marketing 

Cost, Marketing Staff, and Number of Consumers, respectively. The final part of the script displays the model accuracy metrics by 

calculating R² using (r2_test*100:.2f)% and RMSE using rmse_test:.2f to provide an overview of the overall model performance. 

 
Fig. 24: Result Visualization Output 

presents the interpretation results of the multiple linear regression model used to predict demand. Based on these results, the Year and 

Month_int variables have a negative influence on demand, amounting to -0.187 and -0.079 units respectively. This means that every 

one unit increase in the year and month variables tends to decrease the amount of demand. In contrast, the variables Marketing_Cost, 

Marketing_Staff, and Number_of_Consumers have a positive effect, where every one unit increase in these variables will increase 

demand by 34.677; 0.401; and 3.886 units, respectively. The model has a very high level of accuracy with an R² value of 0.9975 
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(99.75%), which indicates that the model is able to explain 99.8% of the variation in demand. In addition, the RMSE value of 0.54 

indicates that the average prediction error of the model is low. 

 
Fig. 25: Script for Interpretation of Final Results 

Section 13 extracts and sorts the regression coefficients based on the highest absolute values to determine business strategy priorities, 

focusing efforts on the variables that have the most influence on market demand. 

Section 14 creates a DataFrame with new feature values, normalizes the data using a training scaler, then applies the regression model to 

predict Market Demand and displays the prediction results along with the original inputs as a test scenario example. 

 

 
Fig. 26: Final Result interpretation output 

 

The Prediction Example section demonstrates the application of the multiple linear regression model using specific parameters for 

December 2023. The input parameters include a marketing cost of IDR 141,000,000, 13 marketing staff, and 21 consumers. Based on 

these inputs, the model predicted a market demand of 73.15 units. When compared to the actual data for the same month and year, which 

recorded a demand of 73.09 units, there is a difference of only 0.06 units between the predicted and actual values. This minimal 

discrepancy indicates that the model has a high level of accuracy in forecasting market demand. This analysis highlights the potential of 

applying statistical methods, particularly multiple linear regression, in building a business decision support system aimed at optimizing 

marketing strategies and improving production planning with greater precision and efficiency. 
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4. Conclusion 
This research aims to build a seaweed demand prediction model using multiple linear regression algorithm at PT XYZ, East Sumba. Based 

on sales data from 2020 to 2023, this model demonstrates that marketing cost (Marketing_Cost), number of consumers 

(Number_of_Consumers), and number of marketing staff (Marketing_Staff) have significant effects on market demand, with marketing 

cost being the most dominant variable. Time factors (Year and Month_int) have weak negative influences on demand. 

 

The developed model shows high accuracy, with R-squared values of 99.83% on training data and 99.75% on testing data. Other evaluation 

metrics, such as Mean Absolute Error (MAE) of 0.29 and Root Mean Squared Error (RMSE) of 0.36, indicate low prediction errors. Cross-

validation results also confirm that this model is stable and can be well generalized, with an average RMSE value of 0.47. 

 

The main advantage of this system is its ability to provide accurate and reliable demand predictions, which can help PT XYZ in more 

efficient production planning. This model can reduce the risk of stock shortages or surpluses, and assist in more precise decision-making 

related to marketing and production. Thus, this system can improve operational efficiency and company profitability. 

 

However, the weakness of this model lies in its dependence on accurate and complete data. If the data used is invalid or incomplete, the 

model's accuracy may be affected. Therefore, PT XYZ must ensure the quality of data used so that the model can provide consistent and 

effective predictions. Overall, this model can be applied to support better and more strategic business decisions. 
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