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Abstract 
 

This study aims to assess the effectiveness of linear regression algorithm in predicting raw water demand by considering customer 

transaction data, raw water volume, and seasonal variables. The method used is Knowledge Discovery in Databases (KDD), including data 

selection, preprocessing, transformation, data mining, and result evaluation. The dataset is divided 80% for training and 20% for testing. 

The analysis results show that the linear regression model has a coefficient of determination (R²) of 0.77, which means that the model can 

explain 77% of the data variability. The prediction error value is low, with Mean Absolute Error (MAE) 0.06, Mean Squared Error (MSE) 

0.01, and Root Mean Squared Error (RMSE) 0.08, indicating good accuracy. In the comparison between actual and predicted values, for 

actual data of 7,000 liters, the model predicts 7,984.70 liters. The variable number of customer transactions has the greatest influence on 

raw water demand, with a coefficient of 16,940.46, while seasonal factors have less influence. Based on these findings, it can be concluded 

that the linear regression algorithm is effective in predicting raw water demand, however further development is required to improve 

accuracy at extreme values, by adding variables or using more complex algorithms. 
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1. Introduction 

The rapid development of informatics technology has brought significant impacts in various sectors of life, including in the business world. 

This technology enables more in-depth data analysis, which supports strategic decision-making, such as in sales forecasting and production 

planning. The use of linear regression algorithms has been widely applied to analyze the relationship between variables and produce 

accurate predictions, in analyzing business sales data [1], and for cash flow and sales projections [2].  

Today's digital era faces major challenges in data management and data-driven decision-making, particularly with regard to prediction 

accuracy in sales projections, inventory management, and marketing. These obstacles often arise due to low data quality and inappropriate 

variable selection. It has been shown that without proper preprocessing or selection of relevant variables, linear regression can produce 

biased and inconsistent predictions, signaling the need for a more systematic approach in its application [3]. 

 

Demonstrating the effectiveness of linear regression in predicting property sales and seasonal production [4]. These algorithms are able to 

identify clear linear patterns, providing easy-to-understand insights for decision makers. However, most of the existing research is still 

focused on specific case studies, with little exploration of linear regression optimization to handle data with high variation or non-linear 

factors. This highlights the importance of further research for the development and optimization of linear regression algorithms. 

This research aims to develop a more optimal application of linear regression algorithms to improve the accuracy and efficiency of 

predictive analysis, especially for sales data that has high variation. Emphasize the importance of data clustering to improve prediction 

accuracy [5]. Demonstrates the use of linear regression in predicting the number of Umrah registrants. This research is expected to provide 

practical insights in the application of linear regression algorithms to complex and varied data [6]. 

 

The quantitative approach used in this study focuses on the application of linear regression to predict sales, with an emphasis on 

preprocessing techniques to improve model accuracy. This research adopts a similar approach to that which uses multiple linear regression 

to predict new student enrollment [7]. Using variable clustering techniques to improve prediction accuracy. This research aims to produce 

a more reliable model, especially in handling dynamic sales data [8]. 

The results obtained from this study are expected to contribute to the development of linear regression algorithms, especially in predicting 

complex sales data, such as seasonal or highly fluctuating data. Similar findings in the context of trend-based logistics service prediction. 

This research can provide practical guidance for the industry in adopting linear regression algorithms to improve prediction accuracy, as 

well as filling the knowledge gap that exists in the literature related to the application of data preprocessing in linear regression [9].  
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2. Research Methods 

The following are the KDD (Knowledge Discovery in Databases) stages used in the research and are organized in Figure 1. 

 
Fig. 1: Knowledge Discovery in Database (KDD). 

2.1. Data Selection 

Raw water sales data, which was originally a daily format from January 2021 to October 2024, was converted into a monthly digital format 

using Microsoft Excel. Rainfall data obtained from BMKG was added to provide seasonal context. The main variables analyzed included 

number of transactions, water volume, and season, with a total of 1610 records. 

2.2. Preprocessing 

The data was cleaned by removing blank values, converting categorical variables into numerical format, and removing outliers to ensure 

data quality and consistency. 

2.3. Data Transformation 

The normalization process was performed on the dataset using the Min-Max Scaling technique to transform the values into the range [0, 

1]. Next, the normalized numerical data was combined with the coded categorical data, forming a dataset ready for analysis. 

2.4. Data Mining 

Model evaluation was carried out using metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), comparison between actual and predicted values used to assess the accuracy of the model in projecting raw water demand 

and coefficient of determination (R²). Analysis of the regression coefficient and intercept helps in understanding the relationship between 

variables. 

2.5. Interpretation/ Evaluation 

Model evaluation was carried out using metrics such as Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), comparison between actual and predicted values used to assess the accuracy of the model in projecting raw water demand 

and coefficient of determination (R²). Analysis of the regression coefficient and intercept helps in understanding the relationship between 

variables. 

2.6. Knowledge 

The knowledge stage involves analyzing the evaluation results to identify significant variables, such as the number of transactions that 

have the most influence. These findings are then used to formulate recommendations for model development, including the addition of 

relevant variables or the application of more complex algorithms to improve accuracy, especially in the face of extreme values. This process 

is instrumental in transforming data into insights that are useful for more effective decision-making and business strategy planning. 

3. Result and Discussion 

The following are the results and discussion of the research: 

The dataset was divided into two subsets, 20% for test data and 80% for training data, with the aim of ensuring the model obtained sufficient 

data for training and could be tested using separate data. The independent variables used in this model are “Transaction Amount” and 

“Season_encoded”, while the predicted dependent variable is “Water Amount (liters)”. This division of data is important to objectively 

evaluate the accuracy and predictive ability of the model.  

Various evaluation metrics are used to measure the extent to which the model is able to explain the variability of the data and its accuracy 

in making predictions. 

Table 1: Model Evaluation 

Model Evaluation Value 

Mean Absolute Error 0.06 
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Model Evaluation Value 

Mean Squared Error 

Root Mean Squared Error 

R-squared  

0.01 

0.08 

0.77 

 

Table 1 displays the acceptable prediction error rate metrics, where the Mean Absolute Error (MAE) value is 0.06, the Mean Squared Error 

(MSE) is 0.01, and the Root Mean Squared Error (RMSE) is recorded at 0.08. These figures show that the errors are quite small, which 

indicates satisfactory model performance in this study. Such a decrease in error value indicates good model quality in terms of prediction 

[13]. In this study, the coefficient of determination (R²) value was recorded at 0.77, which indicates that the model can explain 77% of the 

data variation. This indicates that the model has adequate performance in the context of prediction. This result is in line with studies that 

reveal that a high R² value indicates the model's adequate ability to describe the data [14]. 

 
Table 2: Actual and Predicted Values 

Actual Value Predicted Value 

6500 7412.966633 

7000 

… 

9500 

11000 

7984.698346 

… 

8027.946887 

10314.873735 

 

Table 2 presents a comparison between the actual values and the predicted results generated by the model. In general, the model performs 

well in predicting values with a high degree of accuracy for most of the data, although there are some more significant deviations in data 

with extreme values. For example, when the actual value was 7,000 liters, the model predicted 7,984.70 liters, but on extreme data such 

as 13,500 liters, the prediction was 12,558.55 liters. This shows that although the model is quite effective for most data, there is still 

potential for improvement on extreme data [15]. 

 
Fig. 2: Comparison of Actual and Predicted Values 

 

Figure 2 shows a visualization of the comparison between actual values (in blue) and predicted values (in orange). This visualization shows 

that the model works effectively for data below 10,000 liters, but starts to show significant deviations for data exceeding 15,000 liters. This 

finding is in line with studies highlighting that linear regression models can capture general data patterns, but have difficulty predicting 

data with extreme values [16]. 

 
Fig. 3: Scatter Plot of Actual vs Predicted Values 

 

Figure 3 displays a scatter plot illustrating the relationship between the actual and predicted values. Overall, most of the data points are 

close to the perfect prediction line, indicating good model accuracy. However, at the extremes of the data, there are larger deviations, 

indicating a potential for improvement in these areas. This finding is in line with research in the field of linear regression-based prediction 

which also shows similar challenges in predicting extreme values [17]. 

 
Table 3: Intercept and Regression Coefficient 

Intersept Transaction Amount Season 

1172.43 19640.46 -23.92 

 

Table 3 presents the intercept result of 1172.43 indicating the initial value that occurs when all independent variables are zero. The 

coefficient for the variable “Number of Transactions” is 16,940.46, which indicates a significant positive relationship, where every one 

unit increase in the number of transactions is predicted to increase the amount of water by 16,940.46 liters. This coefficient indicates a 
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strong relationship between the number of transactions and water demand, which is in line with other studies that emphasize the importance 

of the relationship between the independent variables and the prediction results (Pratama et al., 2024). The variable “Season_encoded” 

shows a negative coefficient of -23.92, indicating that a change from the “Dry” (0) to “Rainy” (1) season is predicted to reduce water 

demand by 23.92 liters. This decrease can be understood as a consequence of increased natural water availability in the rainy season, which 

has implications for decreasing raw water demand. This finding is in line with research discussing the effect of seasonality on consumption 

patterns [18]. 
Table 4: Correlation Matrix 

Correlation Matrix Transaction Amount Water Amount (liters) Season_encoded 

Transaction Amount 

Water Amount (liters) 

Season_encoded 

1.000000 

0.851130 

-0.063484 

0.851130 

1.000000 

-0.056889 

-0.063484 

-0.056889 

1.000000 

 

Table 4 shows the results of the correlation matrix analysis where there is a very strong positive relationship between the variables “Number 

of Transactions” and “Amount of Water (liters)” with a correlation value of 0.851, which indicates a significant linear relationship. This 

finding is in line with previous studies which confirmed that an increase in transaction activity is often associated with an increase in 

resource consumption [19]. On the other hand, the very low relationship between “Number of Transactions” and “Season_encoded” (-

0.063) as well as between “Amount of Water (liters)” and “Season_encoded” (-0.057) indicates that seasonal factors do not have a 

significant impact on transaction patterns or water consumption. This supports the assumption that factors more related to human activities 

have a greater influence in determining water demand than external conditions such as seasonality [20]. 

 

 
Fig. 4: Correlation Matrix between Variables 

 

Figure 4 displays a visualization in the form of a correlation heatmap that corroborates the results of the analysis by displaying a very 

strong relationship between “Total Transactions” and “Total Water (liters)” with a correlation value of 0.85, which is consistent with 

previous research that reveals that transaction data is often used as a leading indicator in projecting resource demand [21]. This visualization 

also highlights the weakness of the relationship with the seasonality variable, which supports the conclusion that seasonality does not 

significantly affect consumption patterns. 

 

 
Fig. 5: Visualization of the Relationship between X and Y Variables 

 

The presentation of the data in the form of a scatter plot between “Number of Transactions” and “Amount of Water (liters)” shows a 

consistent positive relationship pattern, although there are slight variations in the distribution of the data. This is consistent with the 

literature which states that transactions have a linear relationship with consumption levels in various economic and social contexts 

(Kristianto & Rudianto, 2020). In contrast, the scatter plot showing the relationship between “Season_encoded” and “Amount of Water 

(liters)” shows a relatively even distribution of data in both seasons, indicating that water demand tends to be stable despite external factors 

such as seasonality, consistent with findings in a previous study [22]. 

 
Table 5: Prediction Results 

Name Month_encoded Year Water amount predicted 

Haris 

A Emung 

… 

Yeyet 

Yoyo 

1 

1 

… 

1 

1 

2025 

2025 

… 

2025 

2025 

8047.445906 

4082.395764 

… 

3075.788607 

11865.187685 

 

Table 5 shows the prediction table that presents the estimated water demand for January 2025. The results of this prediction are in line with 

previous research that utilizes a data-driven approach in estimating resource requirements [23]. 
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Fig. 6: Visualization of Prediction Results 

 

Figure 6 displays the prediction that customers such as “Wa Erat” and “Dedah” fall into the category with the highest water demand, while 

customers such as “Sutirah” and “Oman” are predicted to have lower demand. This information can support more efficient water resource 

distribution planning. Visualization of the prediction results displayed in the form of bar charts shows the distribution of water demand 

among customers. This visualization not only strengthens the quantitative analysis, but also provides additional insights that can be useful 

for operational water resources management [24]. 

 

4. Conclusion  

 
This study utilizes a linear regression algorithm to estimate raw water demand by considering two main variables: number of transactions 

and seasonality. The dataset used is divided into two parts, 80% for training data and 20% for testing data. The evaluation results show that 

the model performs adequately, with Mean Absolute Error (MAE) of 0.06, Mean Squared Error (MSE) of 0.01, Root Mean Squared Error 

(RMSE) of 0.08, and coefficient of determination (R^2) of 0.77, indicating that the model is able to explain 77% of the variation in the 

data. As an illustration, for an actual water demand of 7,000 liters, the model predicts 7,984.70 liters. Therefore, further development is 

required, for example through the addition of more relevant variables or the application of more complex data processing methods. Further 

analysis revealed that the number of transactions variable had the most significant influence on the prediction of raw water demand, with 

a coefficient of 16,940.46, meaning that each increase of one transaction unit contributed to an increase in water demand of 16,940.46 

liters. On the other hand, the season variable has a relatively small influence, with a coefficient of -23.92, indicating that a change in season 

from dry to rainy only decreases the predicted water demand by 23.92 liters. The model intercept of 1,172.43 indicates the initial estimate 

of water demand when all independent variables are zero. The results of the correlation analysis support this finding, with a very strong 

positive relationship (r = 0.85) between the number of transactions and water quantity, while the relationship between seasonality and water 

quantity is very weak (r = -0.06). The scatter plot visualization shows a linear relationship between the number of transactions and water 

demand, while the seasonality variable does not show a significant pattern. This linear regression model can also be used to project future 

raw water demand based on historical data patterns. For example, a customer with a high number of transactions such as “Wa Erat” is 

predicted to require 14,393.98 liters of water in January 2025. Such predictions can provide strategic insights for companies in planning 

for more efficient distribution and management of water resources, so the linear regression algorithm can be considered as an effective 

predictive tool in supporting strategic decision-making regarding water demand. 
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