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Abstract: Water quality in the city of Huarmey-Lima-Peru is assessed through monitoring processes 

conducted by the National Water Authority (ANA). Traditional formula-based calculations and Excel 

macros, along with manual data validation, significantly extend the analysis and documentation time 

for evaluating water quality parameters. This study focuses on classifying water samples into Human 

Consumption (1-A2) and Animal Drinking (3-D2) categories by developing a machine learning 

model, specifically utilizing the K-Nearest Neighbors (KNN) algorithm. The primary objective is to 

enhance accuracy and efficiency in classifying water quality for human and animal consumption, 

aligning with Peru's Water Quality Index standards (WQI). The implementation of the KNN model 

demonstrated superior classification performance compared to traditional spreadsheet-based 

methods, achieving an accuracy of 75% with Excel-based classification and 90% using KNN. 

Additionally, the research evaluates the performance of KNN against Random Forest (RF) and 

Support Vector Machine (SVM). This approach significantly improved the speed and accuracy of 

water sample categorization, benefiting decision-making in water resource management for the 

Huarmey basin. 

Keywords: Water quality index; physicochemical parameters; machine learning; K Neighbors 

Classifier 

 

1. Introduction 

Water quality assessment is a critical process for ensuring safe water usage, particularly in 

Huarmey, Peru, where the National Water Authority (ANA) conducts regular monitoring. Currently, 

the Water Quality Index (WQI) classification relies on manual methods using Excel macros, which 

are time-consuming and prone to human error [1].  

In this study, processing time is optimized, and accuracy is improved in classifying the quality 

of water intended for human consumption (1-A2) and animal consumption (3-D2) through the 

application of machine learning algorithms. The implementation of these models seeks to overcome 

the limitations of conventional methods, which can be inaccurate and computationally expensive. By 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 May 2025 doi:10.20944/preprints202505.0112.v1

©  2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.0112.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 16 

 

improving the efficiency and reliability of water classification, this approach will contribute to more 

informed decision-making for water resource management, thus ensuring more effective and timely 

monitoring [2]. 

 

Figure 1. Current process for classifying water quality using the WQI using Excel macro techniques. 

Figure 1 illustrates the monitoring and classification process of water quality in the Huarmey 

Basin, which is carried out in multiple stages to ensure compliance with environmental regulations 

and accuracy in the evaluation of water parameters (Autoridad Nacional de Agua, 2021). However, 

despite the rigor of the procedure, the conventional methodology based on the WQI and Excel macros 

presents limitations in efficiently and accurately classifying water bodies. These limitations may lead 

to inconsistencies in the results, ultimately affecting decision-making in water resource management. 

During the analysis phase, collected samples undergo laboratory evaluation to determine their 

physicochemical and biological parameters. However, the traditional classification of these data 

relies on manual processes and predefined rules, which can introduce errors and reduce the system’s 

ability to adapt to variations in water quality. Such deficiencies may hinder the early detection of 

environmental issues and delay the implementation of corrective measures [3]. To address this issue, 

this study proposes the implementation of the K-NN algorithm as a solution to optimize the 

classification of water quality data. This machine learning technique enhances classification accuracy 

and efficiency by reducing subjectivity and minimizing errors in water quality assessment. Once 

validated, the results obtained using this approach are documented and submitted to governmental 

entities, contributing to more informed decision-making and the sustainable management of water 

resources. 

Given the situation described, “the control commission requested information from the technical 

area of the Provincial Municipality of Huarmey and identified that 8 of the 10 towns that have 

Sanitation Services Administration Board (JASS, Perú) lack a pre-chlorination system; in addition, it 

warned of a delay by the provincial municipality in implementing the National Superintendency of 

Sanitation Services (SUNASS), who is a public agency that regulates sanitation services in Peru, 

recommendations on the deficiencies detected in Tayca. The official guidance report was prepared 

by the Institutional Control Body (OCI) of the Provincial Municipality of Huarmey and was 

communicated to the head of the entity for the corresponding actions to safeguard the health of the 
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inhabitants of the eight affected population centers” [4]. Water quality is vital to protect public health, 

preserve ecosystems, ensure food production, boost economies, and guarantee the sustainable use of 

water resources. For these reasons, monitoring and proper management of water quality are essential 

priorities in Peru's environmental and public health policies [5]. Given the critical need for accurate 

and timely water quality classification, automation, and data-driven approaches have become 

essential. Machine Learning (ML) offers a robust solution for automating classification tasks, 

improving both accuracy and efficiency in environmental monitoring systems. Among ML 

techniques, KNN stands out as a reliable algorithm for classification problems where labeled data is 

available, making it an ideal choice for categorizing water samples according to WQI standards  [6]. 

This study proposes the implementation of KNN to automate WQI classification, addressing the 

inefficiencies of the traditional manual method. By leveraging historical water quality datasets, we 

aim to develop a model capable of accurately classifying water samples for human consumption (1-

A2) and animal drinking (3-D2) while significantly reducing processing time (See Figure 2). This 

study proposes an optimized model for water quality classification in the Huarmey watershed, 

integrating the KNN algorithm into the analysis and monitoring process. The workflow begins with 

state authorization and sampling planning, followed by sample extraction and analysis in the 

laboratory. The data obtained are subsequently processed and classified using the WQI and the KNN 

algorithm implemented in Colab, which improves the accuracy of water classification. Once the 

results are validated, the technical documentation is generated, and the final report is sent to the 

competent authorities. The integration of the KNN model optimizes water quality assessment, 

providing a more accurate and efficient approach to decision-making in water resource management 

[7]. 

 

Figure 2. Proposed Final Process for Water Quality Classification using the WQI and the KNN. 

Water quality is a critical factor for public health and environmental sustainability. Evaluating 

physicochemical parameters allows identifying potential risks for human and animal consumption. 

In Peru, ANA is responsible for monitoring and assessing water quality using the WQI. Traditionally, 

this process relies on manual calculations through Excel macros, which are time-consuming and 

prone to human error [8]. This study proposes the implementation of a KNN machine learning model 
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to automate and optimize the classification of water quality parameters in the Huarmey River Basin. 

The proposed model aims to improve accuracy, reduce processing time, and enhance the reliability 

of water quality assessments, particularly in the categories of human consumption (1-A2) and animal 

drinking (3-D2) according to ANA standards [9]. 

According to the results obtained in the research work of [10–20], to carry out an efficient 

classification process it is necessary to ensure that the data set contains an adequate amount of fairly 

homogeneous information for each class to be recognized, for this it is additionally important to carry 

out an adequate debugging or cleaning of data discarding or eliminating information that may distort 

the adequate classification process. 

2. Background 

Manual methods for calculating the WQI face several challenges, including processing delays, 

human error, and limited scalability. The reliance on static formulas and manual data validation in 

Excel slows decision-making and increases the likelihood of inaccurate classifications [7]. 

Machine learning algorithms, particularly KNN, provide a dynamic and automated solution for 

classifying complex datasets. KNN is a non-parametric algorithm that assigns a class to a new data 

point based on the majority vote of its KNN, making it suitable for classifying water quality data [21]. 

Several studies highlight the advantages of using KNN over traditional methods, particularly in 

scenarios requiring the classification of environmental parameters and large datasets. This research 

builds on previous findings to demonstrate the feasibility of applying KNN for optimizing WQI 

calculations [22]. Water quality classification in Peru follows WQI standards, where samples are 

categorized based on physical, chemical, and biological parameters such as: 

• pH levels 

• Dissolved oxygen (DO) 

• Biochemical oxygen demand (BOD) 

• Heavy metal concentration (Pb, Zn, As, etc.) 

Previously, traditional statistical methods were used to classify water quality, but machine 

learning approaches have demonstrated superior efficiency and accuracy in similar environmental 

monitoring applications. The KNN algorithm offers a robust classification technique, particularly 

when coupled with cross-validation methods to prevent overfitting. See Table 1. 

Table 1. Categorization of Water Quality According to the WQI-PE Index. 

WQI- PE Rating Interpretation 

100 - 90 Excellent 
The water quality is protected with no threats or damage. 

Conditions are very close to natural or desirable levels. 

89 - 75 Good 

The water quality deviates slightly from its natural state. 

However, desirable conditions may be affected by minor 

threats or damage. 

74 - 45 Regular 

Natural water quality is occasionally threatened or 

degraded. Water quality often deviates from desirable 

values. Many uses require treatment. 

44 - 30 Poor 

The water quality does not meet quality objectives, and 

desirable conditions are frequently threatened or degraded. 

Many uses require treatment. 

29 - 0 
Very 

Poor 

The water quality does not meet quality objectives, is almost 

always threatened or degraded, and all uses require prior 

treatment. 
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This water quality assessment system is linked to a color scale, where each quality level is 

represented by a specific color, which facilitates the interpretation of the water status. The indicator, 

applied in each period, analyzes the results of physical, chemical, and microbiological parameters. 

Using a mathematical formula, it converts a large amount of data (concentrations of the parameters 

analyzed) into a single scale, expressed as a percentage. An WQI value close to 0 percent indicates a 

high negative impact on water quality, while a value close to 100 percent reflects ideal conditions. 

This approach is useful for managing large volumes of data and presenting the WQI of an area or 

body of water under various conditions, such as (1) general monitoring, (2) dry season, and (3) rainy 

season [23]. 

Currently, ANA relies on Excel-based macros and manual calculations to classify water quality. 

While this method is widely used, it has significant drawbacks: 

• High processing time – Manual classification can take hours or even days, depending on the 

dataset size. 

• Prone to human errors – Data entry mistakes and formula inconsistencies can lead to 

misclassifications. 

• Limited scalability – The method struggles to handle large-scale datasets efficiently. 

These limitations highlight the need for an automated, data-driven approach to enhance 

efficiency, accuracy, and reproducibility in WQI classification [24]. 

Machine learning (ML) has emerged as a powerful tool for automating classification tasks in 

environmental science. Studies have shown that ML models can outperform traditional statistical 

methods in: 

• Water quality prediction using regression models. 

• Anomaly detection in water contamination events. 

• Pattern recognition in water parameter fluctuations. 

Among various ML techniques, KNN has proven effective for classification tasks where labeled 

data is available. KNN is particularly suited for WQI classification due to its ability to categorize new 

samples based on similarity to existing data points [25]. 

3. Previous concepts 

3.1. Water Quality Index (WQI) 

WQI is a standardized tool that integrates various physicochemical, biological, and 

microbiological parameters to evaluate water quality through a single numerical value. This index 

simplifies the interpretation of water quality data for regulatory authorities, scientists, and the 

general public. 

In Peru, the WQI is calculated based on parameters established by the ANA, following the 

guidelines of the "Environmental Quality Standard for Water (ECA - Agua)." The parameters are 

classified according to the intended use of the water, with two primary categories being: 

• 1-A2: Suitable for human consumption after conventional treatment. 

• 3-D2: Suitable for animal drinking purposes. 

3.2. K-Nearest Neighbors (KNN) 

The KNN algorithm is a supervised learning method that classifies a data point based on its 

proximity to its nearest neighbors in the feature space. This algorithm is particularly useful for water 

quality classification due to its simplicity and effectiveness when properly tuned [26]. How the KNN 

Algorithm Works (See Figure 3): 

a. Distance Calculation: The algorithm calculates the distance between the new data point and 

existing samples using metrics such as: 

• Euclidean Distance (for continuous data). 

• Manhattan Distance (for multidimensional data). 
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b. Choosing the Value of K: Determines the number of neighbors to consider. In this study, k = 8 

was selected as the optimal value through parameter tuning (Saddiqi et al., 2024). 

c. Majority Vote: The algorithm assigns the category that appears most frequently among the k-

nearest neighbors [27]. 

d. Advantages of the KNN Algorithm: 

• Simplicity and Flexibility: Easy to implement and interpret, adaptable to various types of data. 

• Robustness: Effective for noisy data if the k value is chosen appropriately. 

• Versatility: Works with both numerical and categorical datasets [22].  

 

Figure 3. Flowchart of the preprocessing process from raw data to clean and structured input for the KNN 

model. 

3.3. Cross-Validation 

Cross-validation is a statistical method used to evaluate model performance. This study employs 

a 5-fold cross-validation approach to mitigate overfitting and ensure the generalizability of the KNN 

model [3]. 

Cross-Validation Process in this Study: 

1. Data Splitting: The dataset is divided into five equal folds using the KFold method from the 

scikit-learn library. 

2. Training and Evaluation: For each iteration: 

• The model is trained in four folds and validated on the fifth. 

• The coefficient of determination (R²) is calculated to measure model accuracy. 

3. Parameter Optimization: GridSearchCV was used to identify the optimal k value (k = 8), 

maximizing classification performance. 

4. Overfitting Prevention: This process helps prevent overfitting by ensuring that the model does 

not rely too heavily on specific subsets of the data 

Benefits of Cross-Validation: 

• More Robust Evaluation: Provides a comprehensive assessment by testing the model on 

different subsets of the data [28]. 

• Overfitting Reduction: Helps ensure the model generalizes well to unseen data [29]. 

• Hyperparameter Tuning: Facilitates the search for the most effective k value [30]. 
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Figure 4. Results obtained from training the KNN algorithm in Google Colab. 

The three dimensions of the graph are labeled "f1," "f2," and a third vertical dimension, which is 

the variable that reflects a score or value on a 0 to 100 AQI scale, represents f3. 

• The horizontal "f1" axis represents a quantitative characteristic or metric, with values ranging from 

0 to 1. 

• The "f2" axis also measures a characteristic or metric, and its values range from 0 to approximately 

0.7. 

• The vertical axis represents an outcome or assessment variable, with values ranging from 0 to 100. 

• The data are labeled with four different categories: 

• Red (Circles): Represents the "Bad" category, with high scores (close to 100) on the vertical axis and 

located in a particular area of the "f1" and "f2" axes. 

• Green (Triangles): Represents the "Excellent" category, with data distributed primarily in the lower 

part of the graph (low scores on the vertical axis) and concentrated within a specific range of "f1" 

and "f2". 

• Blue (Squares): Represents the "Fair" category, with points mainly in the middle of the graph 

(vertical axis around 50) and with intermediate values for "f1" and "f2". 

• Yellow (Diamonds): Represents the "Good" category, with values distributed primarily in the left 

quadrant of the graph. 

As we can see in Figure 4, to justify the use of the KNN algorithm in classifying water parameters 

according to WQI, it is important to analyze the model performance using key evaluation metrics in 

the classification context. Cross-validation is a technique that divides the data into several subsets to 

train and test the model on different partitions, ensuring that the model performance does not depend 

on a single dataset [31], [32]. Cross-validation is a technique used in the field of artificial intelligence 

and machine learning to measure the performance of a model. Its main purpose is to prevent the 

model from overfitting the training data, offering a more robust and reliable evaluation [33]. 

In this case, the training data came from data collection and generation, and were constantly 

validated with ICAs, which were calculated from data obtained from the ANA, along with records 

from the years 2020, 2021, and 2023. Thus, in each iteration, the training data was checked using data 

independent of these [34]. To manage overfitting, hyperparameters were properly tuned, and 

techniques such as regularization and tree depth control were implemented. Underfitting was 

avoided by selecting sufficiently complex models, appropriately tuning KNN parameters, and 

Random Forest tree configuration. Furthermore, cross-validation enabled a robust evaluation of the 
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model and prevented conclusions from being based on a single dataset, providing a more generalized 

view of performance. 

4. Methodology 

This section describes the dataset, preprocessing techniques, KNN implementation, and 

validation methods used in this study. The goal is to ensure high classification accuracy while 

optimizing the model’s efficiency and scalability. 

4.1. Dataset and Preprocessing 

The dataset was compiled from official reports provided by the ANA, which conducted water 

quality monitoring in the Huarmey River Basin. Data from the years 2020, 2021, and 2023 were 

selected to provide a comprehensive temporal analysis.[35].  

4.1.1. Data Acquisition 

The dataset consists of historical water quality measurements collected in the Huarmey basin, 

Ancash, Perú, during the three-year monitoring period: 2020, 2021 and 2023 [23]. 

• The dataset was obtained from the ANA which conducts regular water quality monitoring in 

Peru. 

• Water samples were collected from multiple locations in the Huarmey basin. 

• Physicochemical and Biological Attributes Considered: 

• pH levels – Determines acidity or alkalinity. 

• Dissolved Oxygen (DO) – Essential for aquatic life. 

• Biochemical Oxygen Demand (BOD) – Measures organic pollution levels. 

• Heavy Metals (Pb, Zn, As, Cd, etc.) – Indicates industrial or agricultural contamination. 

• Coliform Bacteria – Measures microbiological contamination. 

4.1.2. Data Preprocessing 

To prepare the dataset for machine learning classification, the following steps were taken: 

• Normalization – Standardizing numerical values to ensure uniform feature scaling. 

• Handling missing values – Using imputation techniques to maintain data integrity. 

• Encoding categorical labels – Converting WQI classification categories into numerical values 

(e.g., 1-A2 → Class 0, 3-D2 → Class 1). 
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Figure 5. Training structure of classification models for WQI assessment. 

Figure 5 illustrates the training workflow of machine learning models for water quality 

classification in two categories: human consumption (1-A2) and animal drinking water (3-D2). From 

a root node, two main processes are defined: trainCategory1A2 and 

trainCategoryAnimalDrinkingWater, each training models based on Support Vector Machines 

(SVM), Random Forest, and KNN. These models enable efficient multiclass classification, optimizing 

processing time and accuracy in WQI evaluation [36]. 

4.2. KNN Model Implementation 

The KNN algorithm was selected for its effectiveness in classification tasks with structured 

datasets. The model was implemented using Scikit-Learn in Python. 

4.2.1. Hyperparameter Optimization 

• The optimal value of k was determined using GridSearchCV, which tested multiple values to 

maximize accuracy. 

• The best-performing model was found at k=8. 

4.2.2. Validation Method 

• 5-Fold Cross-Validation was used to improve model reliability and prevent overfitting. 

• Weighted F-score was selected as the primary evaluation metric. 

Table 2. Performance Comparison: Excel Macros vs. KNN for WQI Classification. 

Aspect Excel Macros (Traditional Method) KNN-Based Classification 

Accuracy (F-Score) 75% 90% 

Processing Time Several hours Minutes 

Error Margin 
High (Manual Entry Errors, Formula 

Inconsistencies) 

Low (Automated, Consistent 

Computation) 

Scalability Limited to Small Datasets Efficient for Large-Scale Data 

Human 

Intervention 

Required for Data Entry and 

Formula Validation 
Fully Automated Once Trained 

Flexibility to New 

Data 
Requires Manual Updates Learns and Adapts from New Data 

4.3. Comparison with the Traditional WQI Method 

To evaluate the effectiveness of the KNN model, we compared its performance with the 

traditional Excel-based WQI classification method used by the ANA in Peru (Table 2, Table 3). The 

analysis focuses on accuracy, processing efficiency, scalability, and error susceptibility to determine 

which approach offers the best solution for classifying water quality. To assess the effectiveness of 

KNN, the model was compared with the traditional Excel-based WQI classification: 

Table 3. Comparison with the Traditional WQI Method. 

Method Processing Time Accuracy (F-Score) 

Excel Macros Hours 75% 

KNN (Optimized, k=8) Minutes 90% 
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5. System Implementation 

The system is structured into several modules: 

• Data Input Module: Receives raw water quality data. 

• Preprocessing Module: Normalizes, cleans, and encodes the data. 

• Training Module: Implements KNN with optimized hyperparameters. 

• Classification Module: Classifies water quality into 1-A2 and 3-D2 categories. 

• Visualization Module: Generates graphical outputs for better interpretation [37]. 

The model was compared against traditional Excel-based calculations, demonstrating superior 

accuracy and reduced processing time. KNN reduced manual processing by 40% and achieved an 

accuracy rate of 99.9% for category 1-A2 and 98.7% for category 3-D2. 

 

Figure 6. Positive Performance of KNN Model for Water Quality Prediction. 

Figure 6 illustrates the evolution of the R² score per fold in the KNN model applied to the WQI 

classification. The results demonstrate a high level of accuracy and consistency, reinforcing the 

model’s suitability for water quality assessment. 

a. High R² Scores Across Folds 

• The R² score remains very close to 1, indicating a near-perfect prediction capability. 

• Two folds (2 and 3) achieve an optimal R² score of 1.0000, highlighting the model's robustness. 

b. Stable Performance with Minor Variations 

• Despite slight fluctuations in folds 1, 4, and 5, the scores remain above 0.99, ensuring high 

reliability. 

• The minor dip in fold 4 still maintains an exceptionally high predictive accuracy, showcasing 

the model's generalization capability. 

c. Successful Model Export and Training Efficiency 

• The model was successfully trained and exported with 8,000 samples, ensuring a well-

generalized learning process. 

• The structured approach, including label encoding and data partitioning, facilitated an efficient 

classification workflow. 

6. Results 

Key findings from the implementation of the KNN model include: 
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• Improved Accuracy: The KNN model provided a classification accuracy of 90% for human 

consumption (1-A2) and for animal drinking (3-D2). 

• Reduced Processing Time: The model automated and accelerated the classification process, 

reducing manual intervention by 40%. 

• Error Reduction: Cross-validation reduced the risk of overfitting, enhancing the reliability of the 

classification process [38]. 

6.1. Performance Metrics and Accuracy Comparison 

To evaluate model performance, we measured classification accuracy, f-score, and processing 

time. The results are summarized in Table 4: 

Table 4. Performance Metrics and Accuracy Comparison. 

Method F-Score (%) 
Processing 

Time 
Scalability 

Excel Macros (Manual) 75% Several hours 
Limited (Manual 

Handling) 

KNN (Optimized, k=8) 90% Minutes High (Automated) 

• KNN significantly outperformed Excel-based classification, improving the f-score from 75% to 

90%. 

• Processing time was reduced from several hours to just minutes, making the model more 

suitable for large-scale and real-time applications. 

• The model demonstrated strong generalization capabilities, meaning it maintained high 

accuracy across different datasets from 2020, 2021, and 2023. 

6.2. Cross-Validation and Model Stability 

To ensure the model's reliability and prevent overfitting, we implemented 5-fold cross-

validation. 

• Without Cross-Validation: The model showed high variance, meaning performance fluctuated 

across different datasets. 

• With Cross-Validation: The accuracy remained consistent, confirming the model's ability to 

generalize new water samples. 

• GridSearchCV was used to optimize k, identifying k=8 as the best value. The f-score remained 

stable between 89%-91% across different folds, demonstrating robustness [22]. 

6.3. Comparison with Traditional WQI Classification Methods 

The manual WQI classification using Excel macros has been the standard approach, but it has 

several drawbacks. Requires extensive manual data entry, leading to potential human errors. Limited 

scalability makes it difficult to process large datasets efficiently. Time-consuming, requiring hours 

for classification and validation. 

In contrast, the KNN based classification model provided: 

• Higher accuracy with fewer errors. 

• Significant time savings, completing tasks in minutes instead of hours. 

• Automation and scalability, making it adaptable for larger datasets and future integrations with 

IoT-based water monitoring systems. 
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Figure 7. Results of the classification of the KNN algorithm in the 2021 physicochemical parameter data for 

category 3 of animal drink from the Huarmey basins. 

Figure 7 presents the water quality assessment for Category 3 - Animal Drinking Water, using 

different machine learning models (SVM, Random Forest, and KNN). The Calculated WQI is 48.55, 

which classifies the water as "Regular". All three predictive models (SVM, Random Forest, and KNN) 

also classify the water as "Regular", confirming consistency across different classification approaches. 

Analysis of Water Quality Parameters (Charts 1-4): 

Chart 1: Conductivity, Coliforms, and Aluminum (al) 

• Conductivity (blue) shows fluctuations across samples, with peaks at samples 4 and 6. 

• Coliforms (orange) present a significant spike at sample 3, indicating a potential biological 

contamination event. 

• Aluminum (al) (green) remains consistently low across all samples. 

Chart 2: Biological Oxygen Demand (BOD), Manganese (mn), and Zinc (zn) 

• BOD (blue) shows an increase in sample 6, suggesting a possible rise in organic matter. 

• Manganese (mn) and Zinc (zn) remain relatively stable, with a slight increase at sample 3. 

Chart 3: pH, Oxygen (o), and Copper (cu) 

• pH (blue) remains stable throughout the samplings. 

• Dissolved Oxygen (o) (orange) presents fluctuations but stays within an expected range. 

• Copper (cu) (green) maintains low levels with minor variations. 

Chart 4: Heavy Metals (Arsenic, Boron, Cadmium, Mercury, and Lead) 

• Cadmium (cd) and Lead (pb) show significant peaks at sample 3, indicating potential heavy 

metal contamination. 

• Arsenic (as), Boron (b), and Mercury (hg) present small fluctuations but remain within low 

concentration levels. 

6.4. Potential Impact of KNN for Water Quality Monitoring 

• Real-Time Analysis: KNN enables rapid classification, allowing authorities to respond faster to 

contamination risks. 

• Scalability: The model can process large datasets efficiently, making it suitable for nationwide 

applications. 

• Adaptability: The system can incorporate new data over time, improving its predictions and 

accuracy. 
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7. Conclusions 

• The implementation of KNN for WQI classification has demonstrated significant advantages over the 

traditional Excel-based method, improving both accuracy and processing efficiency. The key 

findings of this study highlight the effectiveness of machine learning in automating environmental 

data classification, offering a scalable solution for water monitoring systems [7]. 

• The weighted f-score increased from 75% (Excel) to 90% (KNN), demonstrating superior precision. 

This improvement reduces misclassification errors and enhances the reliability of water quality 

assessments. In the context of correct word use, an even more notable increase of 65% in scores was 

observed, compared to the control group. These findings highlight the positive and differential 

influence of system implementation, particularly in precision and appropriateness of word use [39]. 

• Real-time water quality monitoring using IoT sensors can automatically feed data into the KNN 

model, allowing instant classification and early detection of contamination events. Future studies 

should incorporate more extensive datasets, covering multiple regions and seasonal variations to 

improve model robustness and adaptability [40]. 
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