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Abstract  Water potability is a key topic in ecology as 

it defines the areas where life can exist and the quality of 

health and food. Without potable water, vast regions can be 

unpopulated. Poor water quality affects the quality and 

quantity of food and the spread of diseases. There is a 

tendency that sources of potable water have started to 

deteriorate in recent years, so the topic of potable water 

quality has become central in environmental and ecology 

studies. A central question is prediction of water quality in 

various areas. This research proposes an improved machine 

learning algorithm for predicting the potability of water. 

The proposed algorithm is simple, and it is easier to apply 

compared to other existing algorithms. It can be applied to 

various datasets for water quality providing a quick insight 

into the question whether new water sources in the area are 

more likely to have potable water. It can also be applied to 

various datasets about water quality. Therefore, a quick 

review of the water and its quality in each region can be 

done using the proposed algorithm. 

Keywords  Water Potability, Machine Learning, 

Classification, Unbalanced Data 

1. Introduction

Potable water is water that is fit for drinking without 

representing a hazard to one’s health. The topic of potable 

water has been an extremely popular theme in recent 

research as people’s health, agriculture and wildlife are 

dependent on the quantity of clean and potable water. As a 

result of global warming, the global balance in quality and 

quantity of potable water has become disturbed [1], [2]. 

Potable water supply is becoming limited in vast areas 

around the world, so alternative water sources need to be 

found [3-4]. Increased number of scientists warn against 

losses of potable water and deterioration of its quality. 

Therefore, many scientists have started to examine factors 

that affect the quantity and quality of potable water [5], [32], 

how loss of potable water can be prevented [6] and how to 

tackle drought [7]. 

Machine learning (ML) models have been used in all 

mentioned areas of water research, particularly in 

predicting water quality. For instance, Zhu and Wang [8] 

compare the performance of forty-five machine learning 

models to assess the quality of potable water. They [8] 

provide a review of existing academic research about water 

quality. They classify ML models into five groups – for 

surface water, groundwater, drinking water, wastewater 

and marine water. According to their classification, the 

Partial least squares (PLS) regression, Support vector 

regression (SVR), and Deep neural network (DNN) work 

best when applied to surface water quality. However, when 

surface waters are polluted, more sophisticated models are 

necessary [8], [9]. Long short-term memory (LSTM) 

networks [10] and Bootstrapped wavelet neural networks 

(BWNN) [11] can be used in time series water-quality data 

that are fluctuating and lack seasonality. Artificial Neural 

Networks (ANN) [12] and Support vector machines (SVM) 

[13] are good to model water quality components. 

Groundwater is another source of potable water, for 

which ML models exist. Zhu and Wang [8] review several 

types of ML models used to assess the quality of 

groundwater. Their conclusion is that the best results can 

be achieved using the decision tree classifier (DT) [14]. 
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The principal components analysis (PCA) and multivariate 

statistical analysis [15] provide the best results in 

identifying the source of groundwater pollution. ML 

models can also be applied to examining the quality of 

drinking water, where the focus is put in many directions, 

e.g., water loss through pipes, reuse of drinking water, etc. 

The ANN and SVM models [16] have the advantage of 

short computing time, which makes them suitable for 

monitoring drinking water quality in real time. The SVM 

model is robust to noise, while the ANN is extremely 

sensitive to noisy data. Wastewater quality can be assessed 

using various ML models [17-20]. Machine learning 

models are also used to monitor the pollutants of marine 

water [21-25]. ML models have become an integral part of 

water quality research as Zhu and Wang [8] and Zawawi et 

al. [33] show. Therefore, they are constantly improved [10-

25] to predict the quality of water in each region better. 

In this context, the aim of this research is to propose a 

simple but effective ML algorithm that can provide a quick 

insight into the potability of water in each region. 

2. Materials and Methods 

2.1. Dataset Description 

The underlying data are publicly available in [26]. The 

dataset contains data about the Water Potability Index. The 

data have 3276 observations. The dataset consists of 10 

variables, 9 independent and 1 target variables. The target 

variable is called ‘Potability’. It describes whether the 

water is drinking (1) or not (label 0). Table 1 describes the 

columns of the underlying data for the model. 

Table 1.  Dataset Description [26] 

Variable Description 

1. pH pH of 1. water (0 to 14). 

2. Hardness 
Capacity of water to precipitate soap in 

mg/L. 

3. Solids Total dissolved solids in ppm. 

4. Chloramines Amount of Chloramines in ppm. 

5. Sulfate Amount of Sulfates dissolved in mg/L. 

6. Conductivity Electrical conductivity of water in μS/cm. 

7. Organic_carbon Amount of organic carbon in ppm. 

8. Trihalomethanes Amount of Trihalomethanes in μg/L. 

9. Turbidity 
Measure of light emitting property of water 

in NTU. 

10. Potability 

Indicates if water is safe for human 

consumption. Potable -1 and Not potable -

0 

The standard ML algorithm for classification requires 

steps 1, 3, 4, 5 and 6 [29]. It consists of handling missing 

data (step 1), standardizing independent variables (step 3), 

splitting data into training and test sets (step 4), performing 

classification (step 5) and assessing the model (step 6). 

However, when the labels in the dependent variable are 

imbalanced, these steps may not be enough to provide 

reliable results. We propose a novel step 2 that involves 

random shuffling of the dataset prior to standardization and 

splitting into training and test sets. We also modify step 5 

of the standard algorithm by notifying each classification 

model that there is class imbalance. Next subsection 

clarifies the proposed algorithm. 

2.2. The Proposed Algorithm 

Step 1: Import the data in Python 3.7 and handle missing 

data. All missing data are imputed using the mean value of 

the respective variable. The variables called ‘ph’, ‘Sulfate’ 

and ‘Trihalomethanes’ have missing values. Therefore, 

step one is applied to them. Apply the command below to 

each of the three variables. 

dataset["ph"].fillna(value=dataset["ph"].mean(), 

inplace=True) 

Step 2 (new): Shuffle the import data randomly to avoid 

overfitting using: 

random.seed(24)  

random.shuffle(dataset) 

This step is an additional step to the classic ML 

algorithm [29], which applies before splitting into train/test 

sets. Standard ML algorithms require standardization of 

input independent variables and then train/test splitting 

[29]. However, this research introduces a new step by 

randomly shuffling the dataset before standardizing the 

data and defining train/test splits. This step is introduced to 

shuffle classes in the water potability dataset as they are 

imbalanced, thus having the prevalence of class 

‘nonpotable’ over class ‘potable’ water. Random shuffling 

would allow for unbiased prediction that is not affected by 

the prevalence of class ‘non-potable’. 

Step 3: The next step is to standardize the input variables 

to remove the differences of the measurement unit that can 

also affect the prediction. Standardization is performed in 

Python using the following commands: 

sc=StandardScaler() 

X=sc.fit_transform(X) 

Step 4: Split the data into training and test sets using 

X_train, X_test, y_train, y_test = train_test_split(X, y, 

test_size=0.28, random_state=124), where the size of the 

test set is 28%, while the training set contains 72% of the 

shuffled dataset. The train/test split is done to avoid 

overfitting [29]. According to [31], the train_test_split 

function in Python can be used as an alternative to cross 

validation. Its advantage is that the dataset can be split into 

training and test sets using a predefined proportion as it is 

in the presented algorithm. 
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Step 5: Fit several classification models like SVM, DT 

and random forest (RF) and set the parameter class_weight 

to 'balanced' so that the class imbalance in the dataset can 

be handled. Setting the parameter class_weight to 

'balanced' is also another step to remove the bias coming 

from class imbalance. 

Run the three models by the commands below: 

SVM: SVM = SVC(C=10, kernel='rbf', gamma='auto', 

class_weight='balanced') 

DT: DT= DecisionTreeClassifier(class_weight='balanc

ed') 

RF: RF = RandomForestClassifier(class_weight='balan

ced') 

Step 6: Assess the performance of the algorithms by 

exploring accuracy and classification metrics like precision, 

recall and f1-score [29]. Calculating precision, recall and 

f1-score consists of producing the elements of a confusion 

matrix [29]. Confusion matrix provides details about the 

number of correctly and wrongly predicted instances from 

the model. Together with accuracy, the confusion matrix is 

a measure of the model quality. The elements of the 

confusion matrix are true positive (TP), true negative (TN), 

false positive (FP), and false negative (FN) instances. 

The formulas are the following: 

Accuracy = (TP+TN)/(TP+TN+FP+FN); 

Precision (Class 0) = TP/ (TP+FP) = Precision 

Precision (Class 1) = TN/ (TN+FN); 

Recall (Class 0) = TP / (TP+FN) = Sensitivity= Recall 

Recall (Class 1) = TN / (TN+FP) = Specificity 

The Sensitivity parameter provides information on the 

accuracy of only positive predictions. Specificity 

represents the accuracy only of negative predictions. 

Accuracy provides information about the overall 

performance of the model. More information about these 

metrics can be found in [29]. 

In summary, the proposed algorithm contains two novel 

steps – step 2 – random shuffling of the data before any 

transformations and step 5 – setting the parameter 

class_weight to 'balanced' to handle class imbalance in the 

water potability dataset. Applying these additional steps to 

the classic ML algorithm [29] would allow for a quick 

prediction of water quality in various datasets with class 

imbalance using a simple to follow algorithm. The 

simplicity of the proposed algorithm is its biggest 

advantage. Next section demonstrates the output from the 

proposed algorithm and comments on its prediction quality. 

3. Results 

3.1. Accuracy 

Our modifications result in high accuracy as table 2 

shows. The highest accuracy achieved is 0.88 by the DT 

modification. We also achieve accuracy of 0.83 using the 

SVC and 0.81 using the random forest. Table 2 also 

demonstrates the accuracy by another research on the same 

dataset [30]. In table 2 Mod 1 DT, Mod 2 SVC and Mod 3 

RF present our modifications, while the remaining models 

can be found in [30]. 

Table 2.  Model comparison: this research vs [30]  

Model Accuracy 

Random Forest* 0.8 

Gradient Boost* 0.76 

Decision Tree* 0.73 

Support Vector* 0.69 

AdaBoost* 0.68 

Support Vector* 0.67 

KNeighbors* 0.65 

BernoulliNB* 0.61 

GaussianNB* 0.57 

Passive aggressive* 0.54 

Nearest centroid* 0.52 

Logistic regression* 0.52 

Ridge* 0.52 

Stochastic gradient descent 0.51 

Perceptron* 0.51 

Gradient Boosting after parameters tuning* 0.81 

Random Forest after parameters tuning* 0.81 

Mod 1 DT (this research) 0.88  

Mod 2 SVC (this research) 0.83  

Mod 3 RF (this research) 0.81  

Patel [30] presents an algorithm where independent 

variables are standardized, and a SMOTE technique is used 

to balance the classes. Then, they run several classification 

models without parameter adjustment and with parameter 

adjustment (table 2). When parameter adjustment is not 

applied, the accuracy in [30] is low, between 0.51 and 0.69. 

There are several models, however, that perform well 

despite lack of parameters adjustment – the Random Forest 

(0.8), the Gradient Boost (0.76) and the Decision Tree (0.81) 

as shown in table 2 [30]. In comparison, our models (0.81 

– 0.88) perform better than Patel’s unadjusted versions 

(0.51-0.69) [30] and have comparable accuracy (0.81, 0.83) 

to the unadjusted version of Patel’s Random Forest and 

Gradient Boost (0.8, 0.76, 0.81). Therefore, the SMOTE 

technique used by Patel to handle class imbalance comes at 

the price of properly adjusting the model to get accurate 

predictions. This is both time consuming and can introduce 

bias through the parameter adjustment process. 
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Therefore, our modifications are simple and easy to 

apply as they include Python’s built-in functions without 

additional steps and packages. Moreover, our algorithm 

achieves high accuracy using various classification models, 

allowing the focus to be on the data and the outcome of the 

classification task rather than finding the most appropriate 

classification model. Using our algorithm, we can gain 

quick insights into the potability of water in a particular 

region, we can predict the type of water (in other datasets) 

and any other indicator related to water and its quality. 

Patel’s [30] adjusted versions of the gradient boost and 

random forest models use further tuning of the parameters 

using cross validation. However, the performance of the 

random forest remains unchanged (0.80 unadjusted vs 0.81 

adjusted version), while the gradient boost performance 

improved from 0.76 to 0.81. Their key finding is that using 

SMOTE to balance classes and adjusting the tuning 

parameters of the classification can improve the prediction 

of water potability. However, SMOTE is a technique to 

synthetically derive more observations of the minority 

class, so that a new balanced dataset can be produced. This 

makes the algorithm complicated. Our algorithm, on the 

other hand, handles class imbalance in a simple way using 

Python’s built-in functions and resampling. We first 

resample data randomly, then split into train and test sets 

by using the shuffled dataset. Then, we run a classification 

model by setting the class weight parameter to balance. We 

use these steps to balance the dataset without introducing 

synthetical observations to the dataset. Our modifications 

work with the original water potability data. Therefore, we 

also avoid the bias that may come from inserting 

synthetical observations into the dataset. Our algorithm is 

simple, yet efficient as can be seen in table 2. 

Our results also show that our algorithm provides 

satisfactory performance of the decision tree, random forest 

and support vector machines without additional tuning of 

the model. Our algorithm outperforms Patel’s [30] SVC 

and random forest and is competitive to their decision tree. 

So, our algorithm can be applied as a fast approach to 

handling imbalanced classes in all water datasets where 

classification task is present. In the case of water potability, 

Mod 1 DT provides the best accuracy (0.88) among all 

experiments shown in table 2. 

Unlike Patel, we do not preselect the most important 

features in the dataset. They [30] do that to remove noisy 

features and use only the key features that would boost the 

accuracy of the model. Removing noisy features would 

remove variables that would increase accuracy artificially 

[28]. However, we handle this issue by splitting into train 

and test sets. Also, the number of features is so small that 

identifying the most important features is not necessary. 

Table 2 shows that our approach is more effective than 

Patel’s in terms of accuracy. As a result, we can predict 

better the potability of water. 

3.2. Classification Metrics 

Table 3 shows the classification metrics for our SVC and 

Patel’s [30]. 

Table 3.  Classification metrics of two SVC models. 

Proposed SVC    

 precision recall f1-score 

Not potable 0.88 0.86 0.87 

Potable 0.74 0.77 0.76 

 accuracy 0.83  

Patel's SVC [30]    

Not potable 0.74 0.71 0.77 

Potable 0.78 0.8 0.73 

 accuracy 0.75  

Table 3 demonstrates that the proposed SVC model 

performs better than Patel’s version. Our SVC models have 

a comparable performance in terms of predicting the ‘not 

potable’ water, but it predicts better the label ‘potable’. 

This can be seen from the precision and recall measures in 

table 3. As a result, the f1-score and accuracy of our SVC 

are higher than Patel’s [30]. Similar findings can be 

observed in table 4. 

Table 4.  Comparison of proposed DT and Patel’s 

Proposed DT    

 precision recall f1-score 

Not potable 0.92 0.91 0.91 

Potable 1 0.80 0.81 

 accuracy 0.88  

Patel's DT [30]    

Not potable 0.74 0.71 0.73 

Potable 0.71 0.74 0.73 

 accuracy 0.73  

The decision tree with SMOTE technique [30] 

demonstrates lower classification metrics than the 

proposed DT. As a result, the accuracy is also lower. 

Although our modification uses the original dataset without 

artificial observations to balance the classes, the proposed 

algorithm predicts better both potable and non-potable 

water. The accuracy of our model is also better – 0.83 

compared to 0.73 in Patel’s research. In addition, the 

accuracy of the proposed DT is the highest one compared 

to all modifications of Patel (table 3). This finding follows 

from the improved prediction ability of our DT version to 

classify correctly the two labels. Table 5 shows that the 

precision, recall and f1-score measures are significantly 

improved compared to [30]. 
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Table 5.  Comparison between proposed RF and Patel’s FR 

Proposed RF    

 precision recall f1-score 

0 0.82 0.82 0.82 

1 0.81 0.81 0.81 

 accuracy 0.81  

Patel's RF [30]    

0 0.83 0.8 0.82 

1 0.8 0.81 0.81 

 accuracy 0.81  

Table 5 shows that the classification metrics of the 

proposed RF and Patel’s are similar. The accuracy as well. 

The two algorithms predict correctly about 80% of the two 

classes. However, the version of RF we propose is much 

simpler to apply. 

4. Discussion 

In this research we present a simple but effective 

algorithm to perform fast and accurate prediction of potable 

water. We improve the accuracy and classification metrics 

of the decision tree, support vector machines and the 

random forest. We propose a novel approach to handling 

class imbalance and predicting better water potability by 

using Python’s built-in functions. We can summarize the 

key findings from this research as follows: 

1 Using Python’s built-in functions can successfully 

tackle class imbalance for water potability. The 

parameter in question is ‘class_weight’=balance. 

2 When having class imbalance in water potability data, 

resampling the data randomly prior to train/test split 

can help avoid overfitting coming from class 

imbalance. This can be used as an alternative to other 

techniques for class imbalance like SMOTE [30]. 

3 Applying our proposed algorithm is a simple and fast 

way to predict labels with class imbalance in the water 

potability dataset. It does not require tuning of the 

parameters of the model, nor additional techniques to 

balance classes. It does not involve preselecting 

important variables, which saves time and makes the 

model easy for analysis. This makes it an effective 

algorithm for initial and further modelling of 

imbalanced water data of any kind. 

A future extension of our research would be to do more 

experiments with other classification algorithms and water 

datasets to explore the possibility of presenting a universal 

fast and effective algorithm for analyzing water potability 

and other water related datasets. Further experiments can 

be conducted to explore the question if applying this 

algorithm to datasets with larger quantity of variables 

requires feature selection or its advantages remain 

unchanged in such an environment. 

5. Conclusions 

Despite the future possibilities for research, the proposed 

algorithm can be used as a fast alternative to predict water 

potability. The algorithm can be applied to all types of 

water datasets that require classification tasks. It can be 

used as a data explanatory approach to analyzing water 

potability data quickly at the early stage of the research. 
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