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 Electrochemical carbon nano sensors are promising for rapid water pollution 

monitoring, but translating multivariate sensor responses into reliable pollution 

level decisions remains challenging. This study develops an interpretable 

machine learning framework for electrochemical carbon nano sensor response 

modeling in water pollution classification. A public environmental nanosensor 

dataset containing 6,786 observations was used, with graphene, multi walled 

carbon nanotube based, and hybrid carbon nanomaterial sensor records. The 

target variable consisted of two pollution severity classes, namely Low and 

Medium. Random Forest, Extreme Gradient Boosting, Support Vector Machine, 

and Multilayer Perceptron were evaluated using accuracy, precision, recall, F1 

score, confusion matrix, receiver operating characteristic analysis, and precision 

recall analysis. The Multilayer Perceptron achieved the highest accuracy of 98.38 

percent and macro F1 score of 96.62 percent, while Extreme Gradient Boosting 

achieved 97.86 percent accuracy and was selected for deployment. 

Interpretability analysis identified lead concentration, mercury concentration, 

nitrogen dioxide concentration, benzene concentration, rolling mean, and rolling 

standard deviation as dominant predictors. The proposed framework supports 

explainable water pollution classification and provides a deployable prototype 

for intelligent environmental monitoring. 
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1. INTRODUCTION 

Water pollution remains one of the most persistent environmental problems because aquatic systems receive 

contaminants from domestic, agricultural, and industrial activities. Conventional laboratory based analysis can provide 

accurate measurements, but it often requires expensive instrumentation, trained personnel, complex sample preparation, 

and delayed reporting. These limitations reduce its suitability for continuous and decentralized monitoring, particularly 

when rapid warning is required to support environmental management. In this context, sensor based monitoring has 

become an important direction because it enables faster observation of water quality indicators and supports more 

responsive decision making. 

Electrochemical sensors have attracted considerable attention for water quality monitoring due to their sensitivity, 

portability, relatively low cost, simple operation, and compatibility with on site analysis. Recent studies have shown that 

electrochemical sensing platforms can be developed for a wide range of water contaminants, including heavy metals, 

nutrients, phenolic compounds, pharmaceutical residues, and other emerging pollutants [1], [2]. The performance of these 

sensors is strongly influenced by electrode surface properties, charge transfer behavior, analyte interaction, and 

environmental conditions such as pH, dissolved oxygen, and water conductivity. Therefore, the interpretation of 

electrochemical signals should not rely only on single response values, but should consider multivariate sensor response 
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patterns. Recent studies further show that electrochemical sensing platforms have been increasingly used for 

contaminants of emerging concern, heavy metal ions, lead detection, multiplexed sensing, and machine learning 

integrated water monitoring systems [7]–[13]. These developments indicate that the integration of electrochemical 

sensing and computational intelligence is becoming an important direction in intelligent water quality monitoring. 

Carbon nanomaterials are particularly important in electrochemical sensing because of their high surface area, 

electrical conductivity, chemical stability, and favorable electron transfer properties. Graphene, carbon nanotubes, and 

hybrid carbon nanomaterials have been widely explored as electrode modifiers for water contaminant detection [3], [4]. 

Their structural and electronic characteristics can improve signal amplification and enhance the sensitivity of the sensing 

interface. However, the same advantages also introduce modeling complexity. Sensor responses generated from carbon 

nanomaterial based platforms may vary according to material type, functionalization, surface area, conductivity, pollutant 

class, and temporal fluctuations. This complexity creates a need for computational models that can learn nonlinear 

relationships between sensor attributes, electrochemical signals, environmental parameters, pollutant concentrations, and 

pollution severity levels. Recent reviews also emphasize the role of nanomaterial based electrochemical detection and 

biosensing platforms in improving environmental quality monitoring [5], [6]. 

Machine learning offers a promising approach for addressing this challenge. Instead of depending exclusively on 

fixed threshold rules, machine learning models can extract patterns from high dimensional sensor data and transform 

them into predictive decisions. Artificial intelligence has increasingly been applied in environmental monitoring to 

improve pollution detection, risk prediction, and water quality assessment [14]–[19]. In sensor analytics, supervised 

learning algorithms can be used to classify pollution levels, estimate contaminant concentrations, and identify important 

variables associated with environmental risk. Nevertheless, predictive accuracy alone is not sufficient for scientific and 

environmental applications. A model that provides high accuracy but limited interpretability may be difficult to trust, 

particularly when the output is intended to support environmental monitoring or policy related decisions. Recent water 

quality studies have demonstrated the effectiveness of supervised machine learning, ensemble learning, and deep learning 

for predicting water quality indicators, assessing uncertainty, and identifying influential physicochemical variables [14]–

[25]. These studies support the use of data driven models for environmental monitoring, but most focus on conventional 

water quality parameters rather than electrochemical carbon nano sensor response modeling. 

Interpretability is therefore an essential requirement in machine learning based sensor response modeling. 

Interpretable models and post hoc explanation methods help clarify which variables contribute most to a prediction. In 

the context of electrochemical carbon nano sensors, interpretability can reveal whether pollutant concentration features, 

electrochemical peak features, material characteristics, or temporal statistics dominate classification outcomes. This is 

important because the scientific value of the model does not only depend on whether it predicts the correct pollution 

class, but also on whether its decision pattern is consistent with plausible sensor behavior and environmental mechanisms. 

Feature importance and permutation importance can support this objective by quantifying the contribution of individual 

variables to model performance and prediction behavior [26]. 

Although many studies have reviewed electrochemical sensors for water pollutant detection, fewer studies have 

focused on the complete data driven workflow that connects carbon nanomaterial sensor response modeling, interpretable 

machine learning, comparative model evaluation, and deployable decision support. Existing studies often emphasize 

sensor fabrication, analytical performance, or contaminant detection capability, while less attention is given to how 

multivariate response data can be transformed into a reproducible classification model and implemented as an accessible 

web based prototype. This gap is important because practical environmental monitoring systems require not only accurate 

sensing materials, but also computational models that can process sensor responses, explain classification decisions, and 

deliver results in a usable interface. 

This study addresses that gap by developing an interpretable machine learning framework for electrochemical 

carbon nano sensor response modeling in water pollution level classification. A public Electrochemical Carbon Nano 

Sensor Dataset available from Kaggle was used as the experimental basis [28]. The dataset contains sensor material 

characteristics, electrochemical response features, environmental water parameters, pollutant concentration values, 

temporal response statistics, and categorical pollution level labels. The target variable consists of two pollution severity 

classes, namely Low and Medium. Several machine learning models were evaluated, including Random Forest, Extreme 

Gradient Boosting, Support Vector Machine, and Multilayer Perceptron. Model performance was assessed using 

accuracy, precision, recall, F1 score, confusion matrix, receiver operating characteristic analysis, and precision recall 

analysis. Interpretability was examined through feature importance and permutation importance, with the most practical 

high performing model deployed through a Streamlit based web application. 

The main contribution of this study is threefold. First, it presents a reproducible machine learning workflow for 

classifying water pollution levels from electrochemical carbon nano sensor response data. Second, it provides 

interpretability analysis to identify the dominant predictors associated with pollution level classification. Third, it 

demonstrates a deployable web based prototype that translates the trained model into an accessible decision support tool 

for sensor based environmental monitoring. By integrating predictive modeling, interpretability, and deployment, this 

study contributes to the development of intelligent water quality monitoring systems that are not only accurate but also 

explainable and practically usable. 

2. METHOD 

This study applied a quantitative experimental approach based on supervised machine learning to model 

electrochemical carbon nano sensor responses for water pollution level classification. The workflow consisted of dataset 

acquisition, data inspection, preprocessing, feature transformation, model training, model evaluation, interpretability 

analysis, and web based deployment. The overall objective was to transform multivariate sensor response data into a 
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predictive and explainable classification model that can distinguish water pollution severity levels. 

 

 

2.1 Dataset and Research Variables 

The experimental data were obtained from a public Electrochemical Carbon Nano Sensor Dataset available on 

Kaggle, containing 6,786 observations and 27 columns [28]. The dataset represents electrochemical sensing records 

generated from carbon nanomaterial based sensing platforms for water pollution monitoring. The sensor material variables 

included material type, surface area, electrical conductivity, and surface functionalization. The electrochemical response 

variables included peak current, peak voltage, charge transfer resistance, capacitance, cyclic voltammetry area, differential 

pulse voltammetry peak height, and signal to noise ratio. Environmental water variables included temperature, pH, 

dissolved oxygen, and water conductivity. Pollutant concentration variables consisted of lead concentration, mercury 

concentration, nitrogen dioxide concentration, and benzene concentration. The dataset also included pollutant class and 

temporal response variables, namely previous reading, rolling mean with a window of five readings, and rolling standard 

deviation with a window of five readings. 

The target variable was Pollution Level. Although the dataset description refers to pollution severity categories, the 

actual data used in this study contained two target classes, namely Low and Medium. Therefore, the task was formulated 

as a binary classification problem. The Low class consisted of 5,841 samples, while the Medium class consisted of 945 

samples. This distribution indicates class imbalance, which was considered during model evaluation by reporting macro 

averaged precision, recall, and F1 score in addition to overall accuracy. 

 
Table 1. Feature Groups and Research Variables. 

Feature Group Variables Role in Modeling 

Sensor material 

characteristics 

Material_Type, Surface_Area, Conductivity, 

Functionalization 

Represents carbon nanomaterial properties 

that may influence sensor behavior 

Electrochemical response 

features 

Peak_Current, Peak_Voltage, Charge_Transfer_Resistance, 

Capacitance, CV_Area, DPV_Peak_Height, SNR 

Represents electrochemical signal response 

patterns generated during measurement 

Environmental water 

parameters 

Temperature, pH, Dissolved_Oxygen, Water_Conductivity Represents water condition during sensor 

measurement 

Pollutant concentration 

variables 

Pb_Concentration, Hg_Concentration, NO2_Concentration, 

Benzene_Concentration 

Represents contaminant intensity associated 

with pollution severity 

Temporal response 

statistics 

Previous_Reading, Rolling_Mean_5, Rolling_Std_5 Represents short term response dynamics 

and recent pollution trends 

Categorical pollutant 

information 

Pollutant_Class Represents the broad pollutant category in 

the sample 

Target variable Pollution_Level Represents the pollution severity class to be 

predicted 

 

2.2 Data Preprocessing 

The preprocessing stage was designed to ensure that the dataset could be used consistently across machine learning 

algorithms. Three non predictive columns were removed from the modeling input, namely Sensor ID, Timestamp, and 

Time Index. Sensor ID was excluded because it only represented the identity of each reading. Timestamp and Time Index 

were excluded from the main classification model to avoid direct dependency on record order and to keep the experiment 

focused on sensor response attributes and pollutant related variables. 

The remaining variables were divided into numerical and categorical features. The numerical features consisted of 

sensor material measurements, electrochemical response values, environmental water parameters, pollutant 

concentrations, and temporal response statistics. The categorical features consisted of Material Type, Functionalization, 

and Pollutant Class. Categorical variables were transformed using one hot encoding to preserve category level information 

without imposing ordinal assumptions. After encoding, the number of input features increased to 28. The target label was 

transformed using label encoding, where the two target classes were converted into numerical class codes for model 

training. 

Feature scaling was performed using standardization. Each numerical and encoded feature was transformed to have 

zero mean and unit variance. Standardization was applied because several algorithms, particularly Support Vector Machine 

and Multilayer Perceptron, are sensitive to feature scale. The dataset was then divided into training and testing subsets 

using an 80 to 20 split. Stratified splitting was applied to preserve the proportion of the Low and Medium classes in both 

subsets. The final training set contained 5,428 samples, while the testing set contained 1,358 samples. 

2.3 Machine Learning Models 

Four supervised learning algorithms were evaluated to compare ensemble, boosted tree, margin based, and neural 

network based approaches, namely Random Forest [29], Extreme Gradient Boosting [30], Support Vector Machine [31], 

and Multilayer Perceptron trained through back propagation [32]. Random Forest was used as an ensemble tree based 

baseline because it can model nonlinear relationships and handle heterogeneous feature types after encoding. Extreme 

Gradient Boosting was used as a gradient boosted decision tree model because of its strong predictive capability, 

regularization strategy, and practical suitability for tabular data. Support Vector Machine with a radial basis function kernel 

was used to evaluate margin based nonlinear classification. Multilayer Perceptron was used as a neural network model to 

learn nonlinear interactions among sensor response variables. 

Random Forest was configured with 300 estimators and balanced class weighting. Extreme Gradient Boosting was 

configured for binary logistic classification with 300 estimators, a learning rate of 0.05, maximum tree depth of 5, 
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subsampling ratio of 0.8, and column sampling ratio of 0.8. Support Vector Machine used a radial basis function kernel, 

probability estimation, and balanced class weighting. The Multilayer Perceptron architecture consisted of dense layers 

with 128, 64, and 32 neurons, batch normalization, dropout regularization, and a softmax output layer with two neurons. 

Early stopping was applied by monitoring validation loss to reduce overfitting. 
Table 2. Model Configuration. 

Model Main Configuration Preprocessing Requirement Purpose in Experiment 

Random Forest 300 estimators, balanced class weighting, random 

state 42 

One hot encoding and feature 

scaling 

Tree based ensemble baseline for 

nonlinear classification 

Extreme Gradient 

Boosting 

300 estimators, learning rate 0.05, maximum depth 5, 

subsample 0.8, column sample by tree 0.8, binary 

logistic objective 

One hot encoding and feature 

scaling 

High performing boosted tree 

model for tabular data and 

deployment 

Support Vector 

Machine 

Radial basis function kernel, probability estimation 

enabled, balanced class weighting, random state 42 

One hot encoding and feature 

scaling 

Margin based nonlinear classifier 

for comparison 

Multilayer 

Perceptron 

Dense layers with 128, 64, and 32 neurons, batch 

normalization, dropout regularization, softmax 

output, early stopping 

One hot encoding and feature 

scaling 

Neural network model for learning 

nonlinear feature interactions 

 

2.4 Model Evaluation 

The models were evaluated on the independent testing set. The evaluation metrics included accuracy, macro 

precision, macro recall, macro F1 score, weighted precision, weighted recall, and weighted F1 score. Accuracy was used 

to measure the overall proportion of correctly classified samples. However, because the target distribution was imbalanced, 

macro averaged metrics were emphasized to assess whether the models performed well across both classes. Macro F1 

score was particularly important because it balances precision and recall equally across classes regardless of class 

frequency. 

Confusion matrix analysis was used to inspect correct and incorrect classifications for each class. Receiver operating 

characteristic analysis was used to evaluate the discriminatory capability of the models in binary classification [33]. 

Precision recall analysis was also conducted because it is informative when class imbalance exists [34]. The model 

comparison was used to identify the best performing model for predictive performance and the most practical model for 

deployment. 

 

 

 

 

 

 

 

 

 

 
Figure 1. Workflow of the proposed study, including dataset acquisition, data inspection, preprocessing, feature transformation, model training, 

performance evaluation, interpretability analysis, and Streamlit based deployment. 
 

2.5 Interpretability Analysis 

Interpretability analysis was conducted to identify variables that contributed most to pollution level classification. 

Two complementary methods were used. First, model based feature importance was extracted from tree based models to 

identify features that contributed to split decisions during training. Second, permutation importance was applied to the 

selected model by measuring the decrease in macro F1 score after randomly permuting each feature [26]. This method 

provides a model agnostic estimate of feature relevance and is useful for validating whether the most important variables 

are consistent with the sensor response and pollutant concentration patterns. Explainable artificial intelligence methods 

are increasingly used to improve trust in machine learning predictions by providing local or global explanations of model 

behavior [35]. Tree based explanation approaches such as SHAP are also relevant for future model interpretation, although 

the present study reports model based feature importance and permutation importance as the main interpretation outputs 

[27]. 

The interpretability analysis focused on identifying whether electrochemical response variables, pollutant 

concentration variables, environmental water parameters, or temporal response statistics were the dominant predictors. 

This step was important because the objective of the study was not only to build an accurate classifier, but also to 

understand which sensor related and pollutant related variables were most influential in the prediction process. 

2.6 Web Based Deployment 

After model comparison, the high performing and deployment friendly model was serialized together with the feature 

scaler, label encoder, feature name list, and metadata. These components were integrated into a Streamlit web application 

available at https://carbon-sensor-app.streamlit.app/. The web prototype allows users to input sensor material 

characteristics, electrochemical response values, environmental parameters, pollutant concentrations, pollutant class, and 

temporal statistics. The application processes the input using the same preprocessing pipeline used during training and 

returns the predicted pollution level with class probability values. 

The deployment was included to demonstrate the practical usability of the proposed framework as a decision support 

prototype. The web application does not replace laboratory based water quality testing. Instead, it demonstrates how trained 

machine learning models can be integrated into an accessible interface for rapid simulation, demonstration, and future 
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development of intelligent water pollution monitoring systems. 

3. RESULTS AND DISCUSSION 

This section presents the experimental results obtained from the electrochemical carbon nano sensor dataset, 

including exploratory data analysis, class distribution, model performance comparison, interpretability analysis, and web 

based implementation. The results are discussed in relation to the objective of developing an interpretable machine learning 

framework for water pollution level classification from multivariate sensor response data. 

3.1 Dataset Characteristics and Class Distribution 

The dataset contained 6,786 sensor observations and 27 original columns. After removing non predictive identifiers 

and temporal index variables, the modeling process used sensor material characteristics, electrochemical response 

variables, environmental water parameters, pollutant concentration values, pollutant class, and temporal response statistics. 

The dataset included 20 numerical features and 3 categorical features after excluding the target variable and non predictive 

columns. The categorical variables consisted of Material Type, Functionalization, and Pollutant Class. After one hot 

encoding, the final model input consisted of 28 features. 

The target variable was Pollution Level. The actual dataset used in this study contained two pollution severity classes, 

namely Low and Medium. The Low class consisted of 5,841 samples, while the Medium class consisted of 945 samples. 

This indicates a clear class imbalance, with the Low class representing approximately 86.07 percent of the dataset and the 

Medium class representing approximately 13.93 percent. This class distribution has important implications for model 

evaluation. Accuracy alone may provide an overly optimistic view because a model can achieve high accuracy by favoring 

the majority class. Therefore, macro precision, macro recall, and macro F1 score were included to evaluate whether the 

model could classify both pollution levels more fairly. 

 
Table 3. Dataset Characteristics. 

Dataset Attribute Value 

Number of observations 6786 

Number of original columns 27 

Number of removed non predictive columns 3 

Removed columns Sensor_ID, Timestamp, Time_Index 

Number of numerical input features 20 

Number of categorical input features 3 

Number of encoded input features 28 

Number of missing values 2222 

Number of duplicated rows 0 

Target variable Pollution_Level 

Target classes Low, Medium 

Class distribution Low: 5841 samples (86.07%); Medium: 945 samples (13.93%) 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2. Distribution of pollution level classes, showing the dominance of the Low class compared with the Medium class. 

 

The material distribution was relatively balanced across the three carbon nanomaterial categories. Graphene appeared 

in 2,303 observations, Hybrid material appeared in 2,250 observations, and multi walled carbon nanotubes appeared in 

2,233 observations. This relatively even distribution suggests that the dataset provides comparable representation of 

different carbon nanomaterial based sensing platforms. The pollutant class distribution was also balanced, with Gas 

appearing in 2,276 observations, Organic pollutants in 2,261 observations, and Heavy Metal pollutants in 2,249 

observations. This distribution supports the use of the dataset for evaluating sensor response modeling across diverse 

pollutant categories. 

Cross tabulation between Material Type and Pollution Level showed that the Low class dominated across all material 

categories. Graphene contained 1,972 Low samples and 331 Medium samples. Hybrid materials contained 1,940 Low 

samples and 310 Medium samples. MWCNT contained 1,929 Low samples and 304 Medium samples. A similar pattern 

appeared for pollutant classes. Gas contained 1,946 Low samples and 330 Medium samples, Heavy Metal contained 1,963 

Low samples and 286 Medium samples, and Organic contained 1,932 Low samples and 329 Medium samples. These 

results indicate that class imbalance was not limited to a single material type or pollutant class, but was present across the 

dataset. 
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3.2 Exploratory Feature Analysis 

Exploratory analysis was conducted to examine the relationship between numerical variables and the encoded 

pollution level. The strongest correlation with the target was observed for lead concentration, with a correlation coefficient 

of 0.5258. This result suggests that lead concentration was the most linearly associated variable with the transition from 

Low to Medium pollution level. Rolling mean with a window of five readings showed the second strongest association 

with the target, with a correlation coefficient of 0.2953. Mercury concentration, rolling standard deviation, nitrogen dioxide 

concentration, and benzene concentration also showed relevant associations, with correlation coefficients of 0.2414, 

0.1913, 0.1869, and 0.1474 respectively. 

These findings show that the target class was more strongly associated with pollutant concentration variables and 

temporal response statistics than with material identity alone. This is scientifically plausible because pollution level 

classification should be influenced by contaminant intensity and recent sensor response behavior. The importance of 

rolling mean and rolling standard deviation also indicates that temporal context contributes to the classification process. 

Even though the main model did not use Timestamp and Time Index, temporal statistical features preserved useful 

information regarding previous sensor response trends. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3. Correlation heatmap of numerical features used to examine relationships among sensor responses, pollutant concentrations, environmental 

parameters, and temporal statistics. 
 

Table 4. Top Feature Correlations with Pollution Level. 

Feature Correlation with Encoded Pollution Level 

Pb_Concentration 0.5258 

Rolling_Mean_5 0.2953 

Hg_Concentration 0.2414 

Rolling_Std_5 0.1913 

NO2_Concentration 0.1869 

Benzene_Concentration 0.1474 

 

Dimensionality reduction using principal component analysis was used to visualize the distribution of Low and 

Medium classes in two dimensional space. The PCA visualization showed partial separation between the two classes, 

although some overlap remained. This indicates that the pollution level classification task is not purely linearly separable 

in low dimensional space. Therefore, nonlinear machine learning algorithms are suitable for this problem because they 

can model complex interactions among pollutant concentrations, sensor responses, and environmental variables. 

3.3 Classification Performance 

Four machine learning models were evaluated on the testing set, namely Random Forest, Extreme Gradient Boosting, 

Support Vector Machine, and Multilayer Perceptron. The Multilayer Perceptron achieved the best overall performance, 

with an accuracy of 0.9838 and a macro F1 score of 0.9662. Extreme Gradient Boosting achieved the second highest 

performance, with an accuracy of 0.9786 and a macro F1 score of 0.9541. Support Vector Machine obtained an accuracy 

of 0.9669 and a macro F1 score of 0.9363. Random Forest produced the lowest result among the evaluated models, with 

an accuracy of 0.9514 and a macro F1 score of 0.8856. 

 
Table 5. Classification Performance Comparison. 

Model Accuracy Macro 

Precision 

Macro Recall Macro F1 

Score 

Weighted 

Precision 

Weighted 

Recall 

Weighted F1 

Score 

Multilayer Perceptron 0.9838 0.9662 0.9662 0.9662 0.9838 0.9838 0.9838 

Extreme Gradient Boosting 0.9786 0.9684 0.9410 0.9541 0.9784 0.9786 0.9783 

Support Vector Machine 0.9669 0.9066 0.9741 0.9363 0.9721 0.9669 0.9681 

Random Forest 0.9514 0.9474 0.8431 0.8856 0.9510 0.9514 0.9482 
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Figure 4. Comparison of model performance based on accuracy, macro precision, macro recall, and macro F1 score. 

The superior performance of the Multilayer Perceptron indicates that nonlinear neural network based learning was 

effective for capturing the relationships between multivariate sensor variables and pollution level categories. The use of 

dense layers, batch normalization, dropout, and early stopping likely contributed to the stable learning process. However, 

Extreme Gradient Boosting also achieved a very competitive result and provided practical advantages for deployment. It 

is well suited for tabular data, supports probability estimation, provides feature importance values, and can be serialized 

efficiently for integration with web based applications. Therefore, Extreme Gradient Boosting was selected for the 

deployed Streamlit prototype, even though the Multilayer Perceptron produced the highest numerical accuracy. 

The use of macro F1 score is important in interpreting these results. Because the dataset was imbalanced, high 

accuracy alone would not sufficiently indicate whether the minority Medium class was identified correctly. The high macro 

F1 scores obtained by the Multilayer Perceptron and Extreme Gradient Boosting indicate that both models were able to 

classify the two classes with strong balance between precision and recall. This is important for water pollution monitoring 

because failure to detect elevated pollution levels can reduce the usefulness of the system as an early decision support tool. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5. Confusion matrix of the Extreme Gradient Boosting model on the independent testing set. 

 

Receiver operating characteristic analysis and precision recall analysis were also used to evaluate the discriminatory 

capability of the models. The ROC curve comparison should demonstrate the ability of each model to distinguish between 

Low and Medium pollution classes across classification thresholds. The precision recall curve is particularly relevant 

because the Medium class is less frequent than the Low class. A strong precision recall curve indicates that the model can 

maintain reliable positive class detection under class imbalance. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6. Receiver operating characteristic curve comparison of Random Forest, Extreme Gradient Boosting, Support Vector Machine, and Multilayer 

Perceptron models. 
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3.4 Interpretability of the Selected Model 

Interpretability analysis was conducted to determine which variables contributed most to the classification of 

pollution level. The feature importance results from Extreme Gradient Boosting showed that pollutant concentration 

variables were the most influential predictors. Lead concentration produced the highest importance score of 0.3140, 

followed by mercury concentration with 0.1169, nitrogen dioxide concentration with 0.0883, rolling mean with 0.0819, 

benzene concentration with 0.0713, and rolling standard deviation with 0.0527. 

Permutation importance produced a consistent pattern. Lead concentration was again the most influential feature, 

with an importance score of 0.3862. Mercury concentration ranked second with 0.1682, followed by nitrogen dioxide 

concentration with 0.1181 and benzene concentration with 0.0763. These results confirm that pollutant concentration 

variables had the strongest effect on classification performance. The consistency between model based importance and 

permutation importance strengthens the validity of the interpretation because two different explanation methods identified 

similar dominant predictors. 

 
Table 6. Top Influential Features. 

Feature XGBoost 

Importance 

Permutation 

Importance 

Permutation 

Std 

Interpretation 

Pb_Concentration 0.3140 0.3862 0.0156 Dominant heavy metal indicator associated with pollution severity 

Hg_Concentration 0.1169 0.1682 0.0154 Heavy metal indicator contributing to class separation 

NO2_Concentration 0.0883 0.1181 0.0122 Inorganic pollutant indicator associated with pollution intensity 

Rolling_Mean_5 0.0819 0.0008 0.0039 Temporal average representing recent pollution response trend 

Benzene_Concentration 0.0713 0.0763 0.0086 Organic pollutant indicator contributing to pollution classification 

Rolling_Std_5 0.0527 -0.0015 0.0041 Temporal variation representing short term response fluctuation 

 

The dominance of pollutant concentration features is reasonable because the classification target represents pollution 

severity. Lead concentration emerged as the most important predictor, indicating that variations in lead concentration 

contributed strongly to the distinction between Low and Medium pollution levels. Mercury, nitrogen dioxide, and benzene 

concentrations also contributed to class separation, suggesting that the model used multiple contaminant indicators rather 

than relying on a single pollutant. The contribution of rolling mean and rolling standard deviation further shows that 

temporal response statistics helped summarize recent pollution related trends. These findings support the idea that 

interpretable machine learning can provide insight into both contaminant intensity and sensor response dynamics. 

Electrochemical response variables such as peak current, peak voltage, charge transfer resistance, capacitance, cyclic 

voltammetry area, differential pulse voltammetry peak height, and signal to noise ratio remained relevant as part of the 

overall input representation, although the highest importance scores were concentrated in pollutant concentration and 

temporal variables. This result suggests that the dataset label structure may be strongly driven by concentration values. 

For future experimental sensor datasets, it would be valuable to further examine whether raw electrochemical signal 

features alone can classify pollution severity when direct pollutant concentration values are unavailable. 

 

3.5 Web Based Prototype Deployment 

The selected Extreme Gradient Boosting model was deployed as a Streamlit based web application at https://carbon-

sensor-app.streamlit.app/. The deployed application allows users to input sensor material properties, electrochemical 

response values, environmental water parameters, pollutant concentrations, pollutant class, and temporal response 

statistics. The application then applies the same preprocessing components used during model training, including feature 

encoding alignment, scaling, label decoding, and class probability estimation. The output includes the predicted pollution 

level and probability values for each class. 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 7. Streamlit dashboard interface for manual input, model information, pollution level prediction, and probability visualization. 
 

The deployment demonstrates that machine learning based sensor response modeling can be translated into a usable 

decision support interface. This is important because many machine learning studies stop at model evaluation and do not 

show how the model can be accessed by end users. The web prototype provides a bridge between computational modeling 

and practical environmental monitoring. Nevertheless, the application should be interpreted as a computational prototype 

rather than a replacement for certified laboratory analysis or a validated field monitoring system. Since the dataset is public 

and computational, the system is best viewed as a proof of concept for intelligent sensor data interpretation. Further 

validation using real experimental measurements from fabricated electrochemical carbon nano sensors would be necessary 
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before practical field deployment. 

4. DISCUSSION 

The results indicate that machine learning can effectively classify water pollution levels from electrochemical carbon 

nano sensor related variables. This finding is consistent with previous studies showing that machine learning and deep 

learning can improve water quality prediction, uncertainty assessment, and sensor based contaminant detection [11]–[19]. 

The strong performance of both Multilayer Perceptron and Extreme Gradient Boosting suggests that nonlinear models are 

suitable for multivariate sensor datasets. Similar trends have been reported in water quality prediction studies where 

ensemble models, support vector machines, and deep learning models captured nonlinear relationships among 

physicochemical parameters [20]–[25]. In this study, interpretability analysis further showed that the most influential 

predictors were chemically and environmentally relevant variables, particularly lead, mercury, nitrogen dioxide, benzene 

concentration, and temporal response statistics. 

The findings imply that combining pollutant concentrations, electrochemical responses, material properties, 

environmental parameters, and temporal statistics can support data driven classification of pollution severity. 

Interpretability is also essential because environmental monitoring models should not only provide accurate predictions, 

but also explain which variables drive their decisions. The Streamlit deployment further demonstrates how a trained model 

can be translated into an accessible prototype for environmental decision support. However, several limitations remain. 

The dataset was obtained from a public source and may not fully represent field measurements under uncontrolled 

conditions. The target variable contained only two classes, Low and Medium, and the dataset was imbalanced. In addition, 

pollutant concentration variables were included as input features, which improves classification performance but may 

reduce the extent to which the model represents prediction from raw electrochemical responses alone. Future studies should 

validate the framework using real experimental sensor data, compare models using all variables versus electrochemical 

response and environmental features only, expand pollution severity categories, and integrate uncertainty estimation for 

risk informed monitoring. 

5. CONCLUSION 

This study developed an interpretable machine learning framework for electrochemical carbon nano sensor response 

modeling in water pollution classification. The public environmental nanosensor dataset contained 6,786 observations and 

two classes, namely Low and Medium. The Multilayer Perceptron achieved the highest performance, with 98.38 percent 

accuracy and 96.62 percent macro F1 score. Extreme Gradient Boosting achieved 97.86 percent accuracy and was selected 

for Streamlit deployment because of its practical integration capability and interpretability support. Feature importance and 

permutation importance identified lead concentration, mercury concentration, nitrogen dioxide concentration, benzene 

concentration, rolling mean, and rolling standard deviation as dominant predictors. These findings indicate that 

interpretable machine learning can support explainable classification of water pollution levels from carbon nano sensor 

related data. 
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