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Introduction 

Urban clean water demand has increased significantly due to population growth, urbanization, industrial 

development, and climate change, all of which influence water consumption patterns and distribution systems. These 

factors have intensified the gap between water availability and demand, making water resource planning increasingly 

complex and necessitating more accurate forecasting approaches. Inaccurate demand planning may lead to imbalances 

between water supply and consumption, increase operational costs, reduce distribution efficiency, exacerbate Non-

Revenue Water (NRW), and potentially disrupt the continuity of water services. Therefore, data-driven clean water 

demand forecasting has become a critical component in the planning, management, and decision-making processes of 

urban water supply systems [1], [2], [9], [10], [11], [12], [13]. Previous studies have consistently demonstrated that 

water demand forecasting plays a vital role in water resource management by supporting production capacity planning, 

distribution optimization, and the sustainable development of water supply infrastructure. 

Conventional approaches, such as linear regression, remain widely employed for water demand forecasting due to 

their simplicity and ease of implementation [3]. Previous research [3] demonstrated that population growth 

significantly influences the increase in water demand that must be supplied to customers in Lubuklinggau City. 

However, linear regression has inherent limitations in modeling nonlinear relationships, capturing interactions among 

multiple variables, and accommodating dynamic consumption patterns influenced by weather conditions, seasonal 

variations, customer growth, and regional characteristics. Consequently, the predictive performance of conventional 

models often deteriorates when applied to highly complex datasets, highlighting the need for more adaptive forecasting 

approaches capable of handling nonlinear and multidimensional data [10], [12], [13]. 

Abstract 

Clean water demand forecasting is essential for supporting production planning and distribution management in municipal water 

utilities. This study developed an integrated machine learning and rule-based Decision Support System (DSS) for forecasting 

clean water demand at the Lubuklinggau Municipal Water Utility. The study used 60 monthly observations from 2021–2025, 

which resulted in 58 observations after preprocessing and feature engineering. Random Forest Regression (RFR) was evaluated 

using five-fold TimeSeriesSplit and compared with Support Vector Regression (SVR) using the same temporal validation 

framework. The results showed that RFR outperformed SVR, achieving an overall out-of-fold R² of 0.7153, with lower prediction 

errors than the comparative model. Feature importance analysis indicated that water production, lagged demand, population, and 

Non-Revenue Water were among the most influential predictors. The final RFR model was subsequently retrained using all 58 

observations to generate a baseline forecast for January–December 2026, with monthly clean water demand ranging from 

675,563.98 to 691,313.64 m³. The forecast outputs were integrated into a rule-based DSS to classify demand conditions and 

generate corresponding operational recommendations. The proposed framework demonstrates the integration of temporally 

validated machine learning forecasting with interpretable rule-based decision support. However, the DSS remains a prototype and 

requires expert validation, user acceptance testing, and operational evaluation before implementation. 
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Advances in machine learning have provided a promising alternative for improving the accuracy of water demand 

forecasting. Unlike conventional statistical methods, machine learning algorithms are capable of learning complex 

patterns from historical data, modeling nonlinear relationships among variables, and developing predictive models 

that adapt effectively to changes in data characteristics. Numerous studies have demonstrated that algorithms such as 

Random Forest, Support Vector Regression (SVR), Artificial Neural Networks (ANNs), and Long Short-Term 

Memory (LSTM) networks consistently outperform traditional statistical approaches in various water demand 

forecasting applications [1], [2], [4], [10], [14]. Recent literature further indicates that artificial intelligence-based 

approaches have become increasingly dominant in water demand forecasting research due to their superior predictive 

accuracy and their ability to efficiently process large-scale, high-dimensional datasets. 

One of the most widely adopted algorithms is Random Forest Regression, an ensemble learning method that 

integrates multiple decision trees to improve model stability and reduce the risk of overfitting. Previous studies have 

successfully applied Random Forest to predict drinking water quality [4] and to monitor and forecast river water 

quality [5]. In addition, Random Forest Regression has demonstrated strong predictive performance in house price 

forecasting [6], while Random Forest Classifier has been shown to effectively identify clean water consumption 

patterns based on customer characteristics [8]. More recent studies on water demand forecasting in Italy have reported 

that Random Forest achieved exceptionally high prediction accuracy and correlation, demonstrating its suitability as 

a reliable forecasting model for urban water distribution systems. 

Although numerous studies have successfully improved water demand forecasting accuracy using machine 

learning algorithms, most of them treat forecasting as the final objective and primarily evaluate model performance 

using statistical metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute 

Percentage Error (MAPE), and the coefficient of determination (R²) [21]. Only limited attention has been given to 

transforming forecasting outputs into operational decision support that can assist water utility managers in production 

planning, water distribution management, and resource allocation. As a result, prediction results are often limited to 

numerical forecasts and are not directly utilized to support operational decision-making within regional water utilities 

such as PDAM Lubuklinggau. 

Based on these challenges, this study proposes the development of a Random Forest Regression-based clean water 

demand forecasting model integrated with a Rule-Based Decision Support System (DSS) for PDAM Lubuklinggau. 

The novelty of this research lies not only in applying Random Forest Regression to improve forecasting accuracy but 

also in integrating the prediction model with a rule-based DSS that automatically transforms forecasting results into 

operational recommendations. Unlike previous studies that primarily focus on predictive accuracy evaluation, the 

proposed framework enables prediction results to be directly utilized for production planning, distribution 

optimization, water loss management, and operational decision-making at PDAM Lubuklinggau. Consequently, this 

study contributes methodologically by proposing a unified framework that combines machine learning-based 

forecasting with a Rule-Based Decision Support System, and practically by enabling prediction results to be directly 

translated into actionable recommendations for production planning, distribution optimization, and strategic 

operational decision-making at PDAM Lubuklinggau, thereby supporting more efficient, data-driven, and sustainable 

clean water management. 

Method 

A. Research Framework  

This study develops an integrated research framework for clean water demand forecasting and operational decision 

support at PDAM Lubuklinggau. The proposed framework combines data preparation, predictive modelling, temporal 

validation, comparative model evaluation, demand forecasting, and a Rule-Based Decision Support System (DSS). The 

framework is designed to address the limitations of conventional forecasting evaluation by incorporating chronological 

validation and comparative assessment between Random Forest Regression (RFR) and Support Vector Regression 

(SVR). The overall framework is divided into three main phases: data preparation, predictive modelling and temporal 

validation, and forecasting and decision support. 
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Figure 1. Research Framework for clean water demand forecasting dan decision support at PDAM Lubuklinggau 

Figure 1 illustrates the complete research workflow, from historical data preparation to the generation of 

operational recommendations. The main methodological distinction of the proposed framework is the 

incorporation of temporal validation and comparative model evaluation before the forecasting results are 

transferred to the DSS. This structure ensures that model selection is based on predictive performance under 

a chronological validation scheme rather than on a single random data split. Consequently, the framework 

establishes an integrated pathway from data-driven forecasting to rule-based operational decision support 

for clean water management at PDAM Lubuklinggau. 

a) Phase I – Data Preparation 

The first phase focuses on preparing the historical dataset for predictive modelling. The data were collected for the 

period January 2021 to December 2025, consisting of 60 monthly observations and 11 initial variables. The collected 

data represent demographic, operational, environmental, and water consumption conditions relevant to clean water 

demand at PDAM Lubuklinggau. The data preparation process consists of data collection, data understanding, data 

cleaning, feature engineering, and feature selection. 

The data understanding stage is conducted to examine the characteristics of the dataset, identify the variables used 

in the study, and assess the consistency and completeness of the collected observations. The data cleaning stage 

subsequently addresses missing values and data consistency. After cleaning, the dataset contains 58 observations. This 

reduction occurs because the development of historical lag variables requires previous observations that are not 

available at the beginning of the time series. 

Feature engineering is then performed to strengthen the temporal representation of the forecasting model. Two 

lagged demand variables, Lag1_m3 and Lag2_m3, are generated to represent the demand in the previous one-month 

and two-month periods, respectively. In addition, Year and Month variables are derived from the monthly time index 

to represent temporal characteristics. Following feature engineering, the modelling dataset consists of 58 observations 

and 13 variables, including the target variable. 

Feature selection is subsequently performed to determine the predictor variables used in the modelling stage. The 

selected predictors consist of population, number of customers, rainfall, temperature, water production, NRW, 

consumption per customer, Lag1_m3, Lag2_m3, Year, and Month, while clean water demand (Kebutuhan_Air_m3) is 
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defined as the prediction target. This stage produces the final modelling dataset containing 58 observations and 11 

predictor variables. 

b) Phase II – Predictive Modelling and Temporal Validation 

The second phase focuses on predictive model development and temporal validation. Unlike a conventional random 

training-testing partition, this study applies a five-fold TimeSeriesSplit validation scheme to preserve the chronological 

structure of the observations. In each fold, the training observations precede the testing observations chronologically, 

thereby ensuring that information from future periods is not used to train a model for an earlier testing period. 

The five-fold temporal validation produces progressively expanding training sets consisting of 13, 22, 31, 40, and 

49 observations, while each testing set contains 9 observations. The temporal validation scheme therefore simulates a 

forecasting situation in which a model learns from previously observed demand and is subsequently evaluated on a later 

period. This approach provides a more realistic assessment of the model's ability to generalize to future observations. 

Two machine learning regression models are evaluated within the same temporal validation framework: Random 

Forest Regression and Support Vector Regression. Random Forest Regression is used as the proposed primary 

forecasting model because of its ability to model nonlinear relationships and interactions among demographic, 

operational, environmental, and historical demand variables. Support Vector Regression is used as the comparative 

model to provide an empirical basis for evaluating the relative predictive performance of Random Forest Regression. 

Both models are trained and tested using the same predictor variables and the same five-fold TimeSeriesSplit 

configuration. 

For each fold, model performance is evaluated using Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination (R²). MAE measures the 

average magnitude of prediction errors, RMSE gives greater weight to larger prediction errors, MAPE expresses 

prediction error in percentage terms, and R² indicates the ability of the model to explain the variation in observed clean 

water demand. The results from the five temporal folds are subsequently aggregated to facilitate a comparative 

evaluation between Random Forest Regression and Support Vector Regression. 

The model comparison provides an empirical basis for selecting the forecasting model used in the subsequent stage. 

Based on the temporal validation results obtained in this study, Random Forest Regression achieved lower prediction 

errors than Support Vector Regression. Random Forest Regression obtained a mean MAE of 19,965.99 m³, RMSE of 

24,050.30 m³, and MAPE of 3.22%, compared with 68,910.61 m³, 72,415.62 m³, and 10.86%, respectively, for Support 

Vector Regression. The overall out-of-fold R² was 0.7153 for Random Forest Regression and −1.5807 for Support 

Vector Regression. These results provide an empirical basis for selecting Random Forest Regression as the forecasting 

model for the subsequent forecasting stage. 

c) Phase III – Forecasting and Decision Support System 

The third phase consists of final model training, clean water demand forecasting, and decision support. After the 

comparative evaluation identifies the better-performing model, the selected model is trained using the available 

historical observations to generate monthly clean water demand forecasts for the target forecasting period of January to 

December 2026. The resulting forecasts provide quantitative estimates of future water demand that can be used as input 

for operational planning at PDAM Lubuklinggau. 

The forecasting results are subsequently integrated into a Rule-Based Decision Support System. The DSS uses the 

numerical demand forecasts as inputs and processes them through predefined operational rules contained in the 

knowledge base. The rule-based inference mechanism evaluates the forecast values against predefined operational 

conditions and transforms the numerical predictions into actionable decision-support information. The generated 

recommendations are intended to support production planning, distribution management, water loss management, and 

other operational decisions related to clean water service management. 

The final stage produces operational recommendations based on the inference results of the Rule-Based DSS. Thus, 

the proposed framework establishes a direct connection between predictive analytics and decision support: historical 

data are transformed into predictive information through machine learning, while the resulting forecasts are 

subsequently transformed into operational recommendations through rule-based reasoning. 

B. Data Collection 
The primary data used in this study were obtained from the Lubuklinggau Municipal Water Utility, including 

historical records of clean water consumption, the number of customers, water production volume, water distribution 

volume, and Non-Revenue Water (NRW) over the observation period. In addition, population data were collected from 

Statistics Indonesia (BPS) as an indicator of increasing clean water demand. Where available, supplementary data, such 

as rainfall and air temperature, were obtained from the Meteorology, Climatology, and Geophysics Agency (BMKG) 

to capture the influence of environmental factors on water consumption patterns. 
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Table 1. Data Collection 

Mth  Population Numberof 

customers 

Rainfall 

(mm) 

Temp

eratur

e © 

Water 

Produc

tion 

(m3) 

NRW 

(%) 

Water 

Comsumpt

ion per 

customer 

(m3) 

Clean 

water 

deman 

(m3) 

Lag1_

m3 

Lag2_

m3 

2021

-01 

236500 50100 340 27.7 584100 24.00 9.88 495000 – – 

2021

-02 

236605 50270 310 27.8 595310 23.95 10.04 504500 495000 – 

2021

-03 

236710 50430 285 28.2 603800 23.91 10.16 512392 504500 49500

0 

2021

-04 

236815 50595 260 28.6 611250 23.86 10.23 517500 512392 50450

0 

2021

-05 

236920 50760 210 29.1 620500 23.82 10.35 524820 517500 51239

2 

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

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

2025

-12 

242695 60130 350 27,9 820690 21,05 11,57 695500 687608 68250

0 

C. Data Preprocessing 
Data preprocessing was conducted to transform the collected monthly dataset into a consistent and suitable dataset 

for predictive modelling. This stage consisted of data cleaning and missing-value handling, feature engineering, and 

feature selection. The initial dataset contained 60 monthly observations and 11 variables. The preprocessing procedure 

was performed sequentially to ensure data quality and to incorporate historical and temporal information relevant to 

clean water demand forecasting. The overall preprocessing workflow is illustrated in Figure 2. 

 
Figure 2. Data Preprocessing Workflow 

Figure 2 summarizes the preprocessing transformation from the initial dataset to the final modelling dataset. The 

preprocessing stage resulted in a clean dataset containing 58 observations and 13 variables, followed by the definition 

of 11 predictor variables and one target variable. The resulting dataset was then prepared for chronological temporal 

validation and comparative predictive modelling using Random Forest Regression and Support Vector Regression. 

Results and Discussion  

A. Data Cleaning dan Missing Value hadling 
Missing values were handled using the row deletion approach through the dropna() function, whereby observations 

containing missing values were removed from the dataset. This method was selected because the number of missing 

values was relatively small, comprising only three missing entries across the entire dataset, and was therefore unlikely 

to affect the representativeness of the data. After the data cleaning process, the number of observations decreased from 

60 to 58, with no remaining missing values or duplicate records. The preprocessed dataset was subsequently used for 

feature engineering, feature selection, data splitting, and the development of the Random Forest Regression model. 

Table 2. Data Cleaning and Missing Value Hadling Result 
No. Cleaning 

Stage 

Method / Procedure Result Output 

1 Initial Dataset 

Inspection 

The dataset structure, number of 

observations, variables, and data types were 

examined. 

60 monthly observations and 11 

variables were identified. 

Initial PDAM dataset 
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2 Duplicate Record 

Check 

Duplicate records were examined to ensure 

that each monthly observation appeared only 

once. 

No duplicate records were 

identified. 

Dataset free from 

duplicate records 

3 Missing Value 

Identification 

Missing values were identified using 

df.isnull().sum(). 

Three missing values were 

detected: one in Lag1_m3 and two 

in Lag2_m3. 

Missing-value 

locations identified 

4 Missing Value 

Handling 

Observations containing missing values were 

removed using the dropna() function. 

The three observations containing 

missing values were removed. 

Dataset reduced from 

60 to 58 observations 

5 Final Data Quality 

Check 

The cleaned dataset was re-examined for 

remaining missing values and duplicate 

records. 

No missing values or duplicate 

records remained. 

Clean dataset 

containing 58 

observations 

B. Feature Engineering 
Feature engineering is the process of creating and selecting attributes that enhance the model's ability to capture the 

underlying relationships among variables. The primary objective of this stage is to generate more informative and 

representative features, enabling the Random Forest Regression model to produce more accurate forecasts of clean 

water demand [22], [24]. In this study, the feature engineering process involved the creation of two lag features, namely 

Lag1_m3 and Lag2_m3. The Lag1_m3 variable represents the clean water demand in the previous period (t − 1), 

whereas Lag2_m3 represents the demand. 

Table 3. Feature Engineering Result 

No. 
Feature 

Engineering Stage 
Method / Procedure Result Output 

1 
Historical Feature 

Generation 

Generated Lag1_m3 from clean water demand 

at the previous period (t−1). 

Historical demand from one previous 

month was incorporated into the dataset. 
Lag1_m3 

2 
Historical Feature 

Generation 

Generated Lag2_m3 from clean water demand 

two periods earlier (t−2). 

Historical demand from two previous 

months was incorporated into the dataset. 
Lag2_m3 

3 
Time Feature 

Extraction 

Extracted the year component from the monthly 

date variable. 

Annual temporal information was added to 

the dataset. 
Year 

4 
Time Feature 

Extraction 

Extracted the month component from the 

monthly date variable. 

Monthly temporal information was added 

to the dataset. 
Month 

5 
Dataset 

Transformation 

Combined the original variables with the newly 

generated historical and temporal features. 

The dataset contained 58 observations and 

13 variables. 

Feature-

engineered dataset 

The feature engineering process transformed the cleaned dataset by incorporating historical and temporal 

information relevant to clean water demand forecasting. Two lag features, Lag1_m3 and Lag2_m3, were generated 

from the clean water demand variable. Lag1_m3 represents the demand observed one month earlier (t−1), while 

Lag2_m3 represents the demand observed two months earlier (t−2). These features were introduced to provide the 

predictive models with information about recent demand patterns and temporal dependency. 

In addition to the historical features, two temporal features, Year and Month, were extracted from the monthly date 

variable. Year represents the annual temporal position of each observation, whereas Month represents its position within 

the annual cycle. The addition of these four features increased the number of variables from 11 to 13 while maintaining 

58 observations. The resulting dataset therefore incorporated both historical demand information and temporal 

characteristics, providing the input structure required for the subsequent feature selection and predictive modelling 

stages 

C. Feature Selection 
Following feature engineering, feature selection was performed to define the input and output variables for 

predictive modelling. Eleven variables were selected as predictor features, representing demographic, customer, 

environmental, operational, historical, and temporal characteristics of clean water demand. These predictors consisted 

of population, number of customers, rainfall, temperature, water production, NRW, water consumption per customer, 

Lag1_m3, Lag2_m3, Year, and Month. Monthly clean water demand (clean water demand (m3) was defined as the 

target variable. 

The selected features were retained for both Random Forest Regression and Support Vector Regression. Using the 

same predictor configuration for both models ensured that the subsequent comparison was based on the modelling 

algorithms rather than differences in the input variables. Thus, the final modelling dataset consisted of 58 observations, 

11 predictor variables, and one target variable. This dataset was subsequently used in the five-fold TimeSeriesSplit 

procedure for temporal model validation. 

Table 4. Feature Selection 

No Variabel Jenis 

1 Population Feature (X) 

2 Number of Customers Feature (X) 

3 Rainfall (mm) Feature (X) 

4 Temperature © Feature (X) 
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5 Water Production (m3) Feature (X) 

6 NRW_(%) Feature (X) 

7 Water Consumption per customer (m3) Feature (X) 

8 Lag1_m3 Feature (X) 

9 Lag2_m3 Feature (X) 

10 Year Feature (X) 

11 Month Feature (X) 

12 Clean water demand (m3) Target (Y) 

D. Output of Prepocessing 
The preprocessing stage produced the final dataset used for temporal validation and predictive modelling. After data 

cleaning and missing-value handling, the number of observations decreased from 60 to 58. Feature engineering 

subsequently incorporated historical demand information through Lag1_m3 and Lag2_m3 and temporal information 

through the Year and Month variables, resulting in 13 variables. Feature selection then defined 11 predictor variables 

and one target variable for the modelling process. 

The final predictor set consisted of Population, Number of Customers, Rainfall, Temperature, Water Production, 

Non-Revenue Water (NRW), Water Consumption per Customer, Lag1_m3, Lag2_m3, Year, and Month. Clean water 

demand (Kebutuhan_Air_m3) was defined as the target variable. Therefore, the final modelling dataset contained 58 

monthly observations, 11 predictor variables, and one target variable. 

This final dataset was used consistently for both Random Forest Regression and Support Vector Regression. No 

further changes to the predictor configuration were made between the two models, ensuring that their subsequent 

performance comparison was based on the modelling algorithms and not on differences in input variables. The resulting 

dataset was then prepared for the five-fold TimeSeriesSplit procedure as the temporal validation stage. 

Table 5. Output Of Preprocessing 

Component Result 

Initial observations 60 

Final observations 58 

Variables after feature engineering 13 

Predictor variables 11 

Target variable 1 

Target Kebutuhan_Air_m3 

Final modelling dataset 58 observations × 12 modelling variables 

Models using the dataset Random Forest Regression and SVR 

Next stage Five-fold TimeSeriesSplit 

E. Temporal Validation using Time Series Split 
Following the preprocessing stage, the final dataset containing 58 observations was evaluated using a five-fold 

TimeSeriesSplit procedure. Unlike a conventional random train-test split, TimeSeriesSplit preserves the chronological 

order of observations by ensuring that the training observations precede the testing observations in each fold. The 

training set is progressively expanded while the testing set remains fixed at nine observations. 

As shown in Table X, the first fold uses 13 observations for training and the subsequent nine observations for testing. 

The training set is then progressively expanded to 22, 31, 40, and 49 observations in the subsequent folds, while each 

testing set contains nine observations. Consequently, each testing period represents a later period than the corresponding 

training period. This configuration simulates a forecasting situation in which a model is trained using previously 

observed demand and evaluated on subsequent observations. 

The temporal validation procedure was applied identically to both Random Forest Regression and Support Vector 

Regression. Therefore, each model was evaluated using the same chronological training-testing configuration, allowing 

their predictive performance to be compared under equivalent temporal conditions. 

 

Table 6. Five-Fold TimeSeriesSplit Configuration 

Fold Training Observations Testing Observations Training Period Testing Period 

1 13 9 Mar 2021 – Mar 2022 Apr 2022 – Dec 2022 

2 22 9 Mar 2021 – Dec 2022 Jan 2023 – Sep 2023 

3 31 9 Mar 2021 – Sep 2023 Oct 2023 – Jun 2024 

4 40 9 Mar 2021 – Jun 2024 Jul 2024 – Mar 2025 
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Fold Training Observations Testing Observations Training Period Testing Period 

5 49 9 Mar 2021 – Mar 2025 Apr 2025 – Dec 2025 

 

F. Random Forest Regression Result 
The Random Forest Regression (RFR) model was developed and evaluated using the final dataset obtained from 

the preprocessing stage. The model used 11 predictor variables to estimate monthly clean water demand, with the 

evaluation conducted using the five-fold TimeSeriesSplit procedure. In each fold, the model was trained using 

observations from earlier periods and evaluated on subsequent observations, allowing its predictive performance to be 

assessed under a chronological forecasting setting. The performance of the RFR model was evaluated using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and the 

coefficient of determination (R²). The results obtained from each temporal validation fold are presented in Table 8. 

Table 7. Random Forest Regression Performance Across Temporal Validation Folds 

Fold Training Observations Testing Observations MAE (m³) RMSE (m³) MAPE (%) R² 

1 13 9 14,055.36 14,466.00 2.51 −10.78 

2 22 9 33,114.50 33,909.53 5.54 −20.08 

3 31 9 26,890.65 31,369.93 4.22 −2.29 

4 40 9 13,014.14 19,295.80 1.95 −0.72 

5 49 9 12,755.31 13,287.69 1.86 −8.94 

Mean — — 19,965.99 22,465.79 3.22 −8.56 

The Random Forest Regression model was evaluated using the five-fold TimeSeriesSplit configuration described 

in the previous section. As shown in Table X, the model produced different levels of predictive performance across the 

five temporal folds. The MAE ranged from 12,755.31 m³ to 33,114.50 m³, while the RMSE ranged from 13,287.69 m³ 

to 33,909.53 m³. The MAPE ranged from 1.86% to 5.54%, indicating that the relative prediction error varied according 

to the temporal characteristics of each testing period. 

The lowest prediction errors were obtained in Fold 5, with an MAE of 12,755.31 m³, RMSE of 13,287.69 m³, and 

MAPE of 1.86%. Fold 4 also produced relatively low errors, with an MAE of 13,014.14 m³, RMSE of 19,295.80 m³, 

and MAPE of 1.95%. In contrast, Fold 2 produced the highest errors, with an MAE of 33,114.50 m³, RMSE of 33,909.53 

m³, and MAPE of 5.54%. Across the five folds, the average MAE was 19,965.99 m³, the average RMSE was 22,465.79 

m³, and the average MAPE was 3.22%. 

The fold-level R² values were negative across all five temporal folds, ranging from −20.08 to −0.72. This result 

indicates that the model did not consistently explain the variation within each individual nine-observation testing 

window better than the corresponding mean-based benchmark. The negative fold-level R² values should be interpreted 

together with the MAE, RMSE, and MAPE values rather than in isolation, particularly because each testing fold 

contains only nine observations. The relatively low MAPE values in several folds indicate that the magnitude of the 

prediction errors remained comparatively limited even though the fold-level R² values were negative. 

G. Overall Out of Fold Performance RFR 
To provide an overall assessment across all temporal testing observations, the predictions generated from the five 

testing folds were combined into an out-of-fold prediction set. The resulting overall performance produced an MAE of 

19,965.99 m³, an RMSE of 24,050.30 m³, a MAPE of 3.22%, and an overall out-of-fold R² of 0.7153. The overall R² 

differs from the mean of the fold-level R² values because it is calculated after aggregating all out-of-fold predictions 

rather than averaging the R² values obtained independently from each testing fold. Therefore, the two R² statistics 

represent different aggregation approaches and should not be interpreted as equivalent measures. 

Table 8. Overall Out of Fold Performance 

Metric Overall Out of Fold 

MAE 19,965.99 m³ 

RMSE 24,050.30 m³ 

MAPE 3.22% 

R² 0.7153 

H. Actual vs Predicted RFR 
The temporal prediction pattern is further illustrated by the actual-versus-predicted demand plot. The Random Forest 

model generally followed the direction of the observed demand series; however, the predictions tended to remain below 

the actual values during periods of increasing demand. This pattern indicates a tendency toward underprediction when 
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the observed demand moved beyond the range represented in the preceding training observations. The finding is 

particularly relevant for operational water-demand forecasting because systematic underprediction may affect 

production and distribution planning if the forecast is used without an appropriate operational safety margin. 

 

Figure 3. Actual and Predicted Clean Water Demand Using Random Forest Regression with Five-Fold 

TimeSeriesSplit 

Figure 3 presents the actual and predicted clean water demand generated from the five-fold TimeSeriesSplit 

evaluation. The Random Forest Regression predictions generally follow the overall temporal movement of the observed 

demand; however, differences between the actual and predicted values become more visible during periods of 

increasing demand. The model tends to produce lower predictions than the observed demand, particularly toward the 

later observation periods. This pattern indicates that the model has a tendency to underpredict when the demand level 

increases beyond the patterns represented in the preceding training observations. 

The observed underprediction is consistent with the temporal nature of the validation process, in which the model 

is trained only on historical observations and subsequently evaluated on later periods. As the clean water demand shows 

an overall increasing pattern over the study period, the model may have limited ability to fully capture increases 

occurring in the subsequent testing periods. Nevertheless, the prediction errors remain measurable through the MAE, 

RMSE, and MAPE values reported in Table 9, providing a quantitative basis for assessing the forecasting performance. 

I. Support Vector Regression Results 

Support Vector Regression (SVR) was implemented as a comparative machine learning model to assess 

the relative predictive performance of the proposed Random Forest Regression model. The SVR model was 

developed using the same 11 predictor variables and the same 58 observations obtained from the 

preprocessing stage. To ensure a fair temporal comparison, SVR was evaluated using the identical five-fold 

TimeSeriesSplit configuration applied to the Random Forest Regression model. Before model fitting, the 

predictor variables were standardized using StandardScaler within a pipeline to ensure that differences in 

feature scales did not disproportionately affect the SVR learning process. The performance of the SVR model 

was evaluated using MAE, RMSE, MAPE, and R² for each temporal validation fold. 

Table 9. Support Vector Regression Performance Across Temporal Validation Folds 

Fold Training Observations Testing Observations MAE (m³) RMSE (m³) MAPE (%) R² 

1 13 9 40,932.07 41,148.55 7.31 −94.29 

2 22 9 54,434.44 54,937.73 9.12 −54.33 

3 31 9 69,701.85 71,844.51 11.06 −16.27 

4 40 9 90,512.48 91,722.12 13.82 −37.79 

5 49 9 88,972.21 89,073.98 12.97 −445.53 

Mean — — 68,910.61 69,745.38 10.86 −129.64 

The results in Table X show that SVR produced substantially different prediction errors across the five temporal 

validation folds. The MAE increased from 40,932.07 m³ in Fold 1 to 88,972.21 m³ in Fold 5, while the RMSE increased 

from 41,148.55 m³ to 89,073.98 m³. The MAPE also increased from 7.31% in Fold 1 to 12.97% in Fold 5. The highest 

MAE, RMSE, and MAPE were observed in Fold 4, with values of 90,512.48 m³, 91,722.12 m³, and 13.82%, 

respectively. These results indicate that the prediction errors became larger in the later temporal validation periods. 

Across the five folds, the SVR model produced an average MAE of 68,910.61 m³, an average RMSE of 69,745.38 

m³, and an average MAPE of 10.86%. The mean fold-level R² was −129.64. The negative R² values across all folds 

indicate that the SVR model did not consistently explain the variation in clean water demand within the individual 

testing windows. The magnitude of the negative R² values also indicates that the model experienced considerable 

difficulty in representing the temporal variation of the demand series under the applied validation configuration. 
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J. Overall Out of Fold Performance SVR 

When all out-of-fold predictions from the five temporal testing folds were combined, the SVR model 

obtained an overall MAE of 68,910.61 m³, RMSE of 72,415.62 m³, MAPE of 10.86%, and R² of −1.5807. 

The difference between the mean fold-level R² (−129.64) and the overall out-of-fold R² (−1.5807) results 

from the different aggregation procedures. The former represents the arithmetic mean of five independently 

calculated fold-level R² values, whereas the latter is calculated from the complete set of out-of-fold 

predictions. 

Table 10. Overall Out of Fold Performance SVR 

Metric Overall Out-of-Fold 

MAE 68,910.61 m³ 

RMSE 72,415.62 m³ 

MAPE 10.86% 

R² −1.5807 

K. Actual vs Predicted SVR 

The actual-versus-predicted results further illustrate the temporal prediction behaviour of the SVR model. 

Compared with the observed clean water demand, the SVR predictions show larger deviations, particularly 

in the later testing periods. The increasing difference between actual and predicted values indicates that the 

model had difficulty following the upward movement of the demand series as the forecasting period 

progressed. This behaviour is consistent with the increasing MAE, RMSE, and MAPE observed across the 

later temporal folds. 

 
Figure 4. Actual and Predicted Clean Water Demand Using SVR with Five-Fold TimeSeriesSplit 

L. Model Evaluation and Comparison 

The predictive performance of Random Forest Regression (RFR) and Support Vector Regression (SVR) was 

compared using the same five-fold TimeSeriesSplit validation framework. Both models were trained using the same 58 

observations and 11 predictor variables, while MAE, RMSE, MAPE, and R² were used as evaluation metrics. The 

comparison was conducted to determine whether the proposed RFR model provided a measurable predictive advantage 

over the comparative SVR model under identical temporal validation conditions. 

Table 11. Comparative Performance of Random Forest Regression and Support Vector Regression 

Model MAE (m³) RMSE (m³) MAPE (%) Overall OOF R² 

Random Forest Regression 19,965.99 24,050.30 3.22 0.7153 

Support Vector Regression 68,910.61 72,415.62 10.86 −1.5807 

 

The comparison shows that Random Forest Regression achieved substantially lower prediction errors than Support 

Vector Regression across all three error-based metrics. The MAE of RFR was 19,965.99 m³, compared with 68,910.61 

m³ for SVR. Similarly, the RMSE of RFR was 24,050.30 m³, whereas SVR produced an RMSE of 72,415.62 m³. The 

MAPE results also indicate a considerable difference, with RFR obtaining 3.22% compared with 10.86% for SVR. 

These results indicate that RFR generated predictions that were considerably closer to the observed clean water demand 

under the temporal validation scheme. 

In relative terms, the MAE, RMSE, and MAPE of RFR were approximately 71.0%, 66.8%, and 70.4% lower than 

those of SVR, respectively. The substantially lower error values indicate that RFR was better able to model the 

relationships between the selected demographic, operational, environmental, historical, and temporal predictors and 

clean water demand in the PDAM Lubuklinggau dataset. 
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The overall out-of-fold R² further differentiates the two models. RFR achieved an overall out-of-fold R² of 0.7153, 

while SVR produced an R² of −1.5807. The positive overall R² obtained by RFR indicates that the aggregated out-of-

fold predictions were able to explain approximately 71.53% of the variability in the observed clean water demand. In 

contrast, the negative overall R² for SVR indicates that its aggregated predictions performed worse than a mean-based 

reference in terms of explaining the observed variation. 

Based on the comparative temporal evaluation, Random Forest Regression demonstrated superior predictive 

performance to Support Vector Regression across the evaluated error metrics and the overall out-of-fold R². Therefore, 

RFR was selected as the forecasting model for the subsequent forecasting stage. This selection was based on empirical 

performance under the same temporal validation procedure rather than on an assumption that Random Forest is 

universally superior to other machine learning algorithms. 

M. Feature Importance Analysis 
After the comparative evaluation identified Random Forest Regression as the better-performing forecasting model, 

a feature importance analysis was conducted to examine the relative contribution of the predictor variables to the 

model's predictions. The analysis was performed across the five temporal validation folds, and the feature importance 

values obtained from each Random Forest model were subsequently averaged to obtain a more stable representation of 

feature contribution across the temporal validation periods. This analysis was used to identify the variables that played 

the most influential role in predicting clean water demand. 

Table 12. Mean Feature Importance Across TimeSeriesSplit Folds  

Rank Feature Mean Importance 

1 Produksi_Air_m3 0.1510 

2 Lag1_m3 0.1484 

3 Lag2_m3 0.1286 

4 Jumlah_Penduduk 0.1285 

5 NRW_persen 0.1183 

6 Jumlah_Pelanggan 0.1096 

7 Konsumsi_per_Pelanggan_m3 0.0849 

8 Year 0.0830 

9 Curah_Hujan_mm 0.0200 

10 Suhu_C 0.0147 

11 Month 0.0129 

The feature importance results show that Water Production (Produksi_Air_m3) was the most influential predictor, 

with a mean importance value of 0.1510. This was followed closely by Lag1_m3 (0.1484) and Lag2_m3 (0.1286), 

indicating that recent historical demand information contributed substantially to the model's prediction. Population 

(Jumlah_Penduduk) ranked fourth with an importance value of 0.1285, while NRW (NRW_persen) ranked fifth with a 

value of 0.1183. The number of customers (Jumlah_Pelanggan) also contributed considerably, with a mean importance 

of 0.1096. 

The relatively high importance of Lag1_m3 and Lag2_m3 indicates that previous demand observations provide 

important information for estimating subsequent clean water demand. The importance of Water Production also 

suggests a strong relationship between the operational volume of water produced and the demand patterns captured by 

the model. Meanwhile, population and NRW provide additional demographic and operational information that 

contributes to the prediction process. 

The remaining predictors showed comparatively lower mean importance values. Water Consumption per Customer 

and Year produced importance values of 0.0849 and 0.0830, respectively. Rainfall, Temperature, and Month had 

substantially lower values of 0.0200, 0.0147, and 0.0129, respectively. These results indicate that, within the Random 

Forest model and the temporal validation setting used in this study, operational and historical demand variables 

contributed more strongly to prediction than the environmental and monthly calendar variables. 

From a managerial perspective, the feature importance results indicate that clean water demand forecasting should 

not rely solely on demographic indicators such as population and customer growth. Operational variables, particularly 

water production and recent demand history, provide important predictive information. The relatively high importance 

of NRW also suggests that water-loss conditions are relevant to the demand patterns captured by the forecasting model. 

These findings can provide additional information for PDAM managers when interpreting forecast results and 

formulating operational responses. 
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Figure 5. Mean Feature Importance of Random Forest Predictors Across Five TimeSeriesSplit Folds 

N. Forecasting Clean Water Demand for 2026 
Following the temporal evaluation and comparative assessment, Random Forest Regression was selected as the final 

forecasting model because it demonstrated lower prediction errors and a higher overall out-of-fold R² than Support 

Vector Regression. The final RFR model was subsequently retrained using all 58 observations available after 

preprocessing to generate the baseline clean water demand forecast for January–December 2026. 

The 2026 forecasting process used predictor inputs constructed from historical information available through 

December 2025. Population and customer numbers were projected using their historical monthly trends, while rainfall, 

temperature, water production, NRW, and water consumption per customer were represented using the corresponding 

monthly values from 2025 as baseline inputs. The lag variables were generated recursively, with the predicted demand 

from each month being used as the lagged input for subsequent months. This approach enabled the model to generate 

a continuous 12-month forecast without using future observed demand values. 

As presented in Table X, the forecasted clean water demand ranges from 675,563.98 m³ to 691,313.64 m³ per month. 

The lowest forecast occurs in January 2026, while the highest forecast is projected for December 2026. Figure X 

illustrates the transition from the observed 2025 demand series to the projected 2026 demand series. The forecast 

indicates monthly fluctuations rather than a constant demand level, with an overall tendency toward higher demand 

toward the end of the forecast horizon. 

Table 13. Forecasting Clean Water Demand for 2026 

No. Month Forecast Clean Water Demand (m³) 

1 January 2026 675,563.98 

2 February 2026 680,083.92 

3 March 2026 683,586.22 

4 April 2026 687,444.06 

5 May 2026 688,666.58 

6 June 2026 688,703.32 

7 July 2026 686,012.36 

8 August 2026 683,727.82 

9 September 2026 683,313.74 

10 October 2026 684,182.28 

11 November 2026 688,437.66 

12 December 2026 691,313.64 
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Figure 6. Actual Clean Water Demand in 2025 and Forecast Demand for 2026 Using the Final Random Forest 

Regression Model 

O. Rule-Based Decision Support System (DSS) Model 
The Decision Support System (DSS) proposed in this study employs a rule-based approach to generate operational 

recommendations based on the forecasted clean water demand. The decision-making process begins by receiving the 

forecasting output from the Random Forest Regression model as the system input. The forecasted value is then 

evaluated against a set of predefined if–then rules stored in the knowledge base. Based on the rule that satisfies the 

specified condition, the system determines the corresponding clean water demand status and generates an appropriate 

operational recommendation. These recommendations provide practical guidance for production planning, water 

distribution management, and service operations within the Lubuklinggau Municipal Water Utility. The decision-

making logic implemented in the proposed Rule-Based DSS is illustrated in the following algorithm. 

Table 14. Decision Support System (DSS) Output 

Rule Forecast Condition Status Recommended Action 

R1 Forecast > 688,494.89 m³ 
Very 

High 

Prioritize production readiness, review distribution capacity, and 

prepare contingency resources. 

R2 
685,097.32 < Forecast ≤ 

688,494.89 m³ 
High Increase monitoring of production and distribution conditions. 

R3 
683,518.10 ≤ Forecast ≤ 

685,097.32 m³ 
Normal 

Maintain planned production capacity and conduct routine 

distribution monitoring. 

R4 Forecast < 683,518.10 m³ Low 
Review operational efficiency and consider routine maintenance 

activities. 

The rule base classifies the forecasted demand into four relative demand conditions: Very High, High, Normal, and 

Low. The thresholds were derived from the quartile distribution of the 12 monthly baseline forecasts rather than from 

externally validated operational capacity limits. Therefore, the resulting classifications should be interpreted as 

analytical decision-support categories that illustrate the integration between forecasting and rule-based inference, rather 

than as formally validated operational thresholds. 

For each forecast month, the DSS compares the predicted demand value with the corresponding threshold and 

activates one rule. The activated rule determines the demand status and provides a predefined recommendation. This 

mechanism creates a transparent decision path from the numerical forecast to an interpretable recommendation, 

allowing users to identify months requiring relatively greater operational attention. 

 

Table 15. Rule-Based DSS Output for 2026 

Month 
Forecast 

(m³) 
Status Rule Recommendation 

January 2026 675,563.98 Low R4 
Review operational efficiency and consider routine maintenance 

activities. 

February 

2026 
680,083.92 Low R4 

Review operational efficiency and consider routine maintenance 

activities. 

March 2026 683,586.22 Normal R3 
Maintain planned production capacity and conduct routine 

distribution monitoring. 

April 2026 687,444.06 High R2 Increase monitoring of production and distribution conditions. 

May 2026 688,666.58 High R2 Increase monitoring of production and distribution conditions. 
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Month 
Forecast 

(m³) 
Status Rule Recommendation 

June 2026 688,703.32 High R2 Increase monitoring of production and distribution conditions. 

July 2026 686,012.36 High R2 Increase monitoring of production and distribution conditions. 

August 2026 683,727.82 Normal R3 
Maintain planned production capacity and conduct routine 

distribution monitoring. 

September 

2026 
683,313.74 Low R4 

Review operational efficiency and consider routine maintenance 

activities. 

October 2026 684,182.28 Normal R3 
Maintain planned production capacity and conduct routine 

distribution monitoring. 

November 

2026 
688,437.66 High R2 Increase monitoring of production and distribution conditions. 

December 

2026 
691,313.64 Very High R1 

Prioritize production readiness, review distribution capacity, and 

prepare contingency resources. 

Table 15 presents the output of the Rule-Based Decision Support System based on the monthly clean water demand 

forecasts for 2026. The DSS converts each numerical forecast into a demand status and corresponding operational 

recommendation using the predefined rule base. The results show that the 12 forecast months are distributed across four 

demand categories, consisting of three Low-demand months, three Normal-demand months, five High-demand months, 

and one Very High-demand month. This distribution demonstrates that the rule-based mechanism can distinguish 

different levels of forecasted demand rather than assigning all forecast periods to a single category. 

The lowest forecast occurs in January 2026 at 675,563.98 m³, which is classified as Low under R4. February is also 

classified as Low with a forecast of 680,083.92 m³. The demand condition moves to the Normal category in March, 

with a forecast of 683,586.22 m³. From April through July, the forecasts are classified as High under R2, with values 

ranging from 686,012.36 to 688,703.32 m³. The forecast subsequently returns to the Normal category in August and 

October, while September is classified as Low. In November, the forecast returns to the High category at 688,437.66 

m³. The highest forecast occurs in December at 691,313.64 m³ and activates R1, resulting in a Very High classification. 

The DSS results indicate that the forecasting output can be transformed into a structured operational interpretation. 

Months classified as High require increased monitoring of production and distribution conditions, whereas the Very 

High classification in December indicates a need to prioritize production readiness, review distribution capacity, and 

prepare contingency resources. Conversely, Normal and Low classifications provide less intensive recommendations 

focused on maintaining planned operations, routine monitoring, operational efficiency, and maintenance planning. 

It should be emphasized that the rule thresholds used in this study are analytical classification thresholds derived 

from the distribution of the 2026 baseline forecasts. They have not yet been validated through expert assessment, user 

acceptance testing, or operational implementation at the water utility. Therefore, the DSS output should be interpreted 

as a prototype decision-support mechanism that demonstrates the integration of machine learning-based forecasting and 

rule-based inference, rather than as a validated operational decision system. 

Conclusion  

This study developed an integrated Random Forest Regression and rule-based Decision Support System for clean 

water demand forecasting at PDAM Lubuklinggau. Using five-fold TimeSeriesSplit, Random Forest Regression 

demonstrated better predictive performance than Support Vector Regression, with an overall out-of-fold R² of 0.7153. 

The final model was then used to generate a baseline forecast for 2026, with monthly demand ranging from 675,563.98 

to 691,313.64 m³. The integration of forecasting and rule-based inference transformed numerical predictions into 

interpretable demand categories and operational recommendations. However, the DSS remains a prototype and 

requires expert validation, user acceptance testing, and operational evaluation. Future research should focus on time-

series validation and measuring its impact on production planning, operational costs, service continuity, and Non-

Revenue Water. 
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