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Abstract

Air quality can affect human health, the environment, and the sustainability of
ecosystems, so efforts are needed to monitor and control air quality. The Plume Air
Quality Index (PAQI) is one of the indices to measure and determine the level of air quality.
In measuring the accuracy of the air quality level, it is necessary to do the right
classification. Some previous studies have conducted classification analysis using the
decision tree and K-Nearest Neighbor (k-NN) methods, but only evaluated using accuracy
values. Therefore, this study uses both methods to evaluate the results of air quality level
classification not only with accuracy but also with precision, recall, and F1-score.
Secondary data of pollutant concentration values and PAQI categories based on
particulate matter (PMzsand PMio), nitrogen dioxide (NOz), and ozone (Os) derived from
Plume Labs for 33 provincial capitals in Indonesia in the time period from July 1 to
December 31, 2022, were used in this study. From the results of comparing the
performance of the two methods, it is found that the decision tree has a greater
performance value than the performance value of k-NN. The decision tree performance
values for accuracy, precision, recall and F1-score are 90.67%, 90.61%, 90.67%, and
90.63%, respectively. So, it can be concluded that the decision tree performs better than
k-NN in classifying PAQI categories with better overall evaluation metric values.
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1. Introduction

dust and volcanic eruptions, as well as human activities
such as emissions from power plants, factories, vehicles,

Air quality is decreasing along with population growth
and the development of technology and science, which
can lead to air pollution. Air quality maintenance must be
done to maintain human health and protect other living
things [1]. However, in reality, air quality is not always
clean. Air pollution can originate from a diverse range of
origins, including natural occurrences like wind-driven

DOI: 10.60084/ijds.v2i1.179

and the incineration of forests or any form of waste [2, 3].

Based on the World Health Organization (2021), air
pollution does not rule out the possibility of many people
developing stroke, heart disease, lung cancer, and
chronic and acute respiratory diseases, such as asthma.
Indonesia is ranked first in the region of Southeast Asia
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and 17th in the world as the most polluted country based
on the calculation of the annual average PM2s particulate
concentration (ug/m3) in 2021. The problem of air quality
degradation is caused by the concentration of each
pollutant. Each pollutant does not have the same impact
on human health at the same concentration. Currently,
countries in Europe, the United States, and Asia have
published air quality data, but do not use the same scale
for Air Quality Index (AQI) categorization. It is not easy to
compare air quality levels on a global scale because each
AQI calculation system is based on different pollutants,
thresholds, methods, and a number of categories.
Therefore, Plume Labs, an environmental technology
company that provides air monitoring services, created a
new air quality measurement system, the Plume Air
Quality Index (PAQI) [4]. The more accurate the
information provided, the more it will help the
government design policies and programs to maintain air
quality and human health. One way that can be done to
find out how good the classification produced by Plume
Labs is in providing air quality information is to process
data with a data mining and machine learning approach
[5].

One of the techniques found in data mining is
classification. Classification is often used in predicting
classes on certain attributes [6]. Classification is
categorized into five groups rooted in mathematical
principles: statistical-based, distance-based, decision
tree-based, neural network-based, and rule-based
approaches [7]. There are many types of algorithms in
classification techniques, and this study uses the decision
tree and K-Nearest Neighbor (k-NN) algorithms.

In recent years, multiple studies have examined the
classification performance of Decision Tree and k-NN
methods. Daldiri and Fitriati [8] compared k-NN and
decision tree for classifying breast cancer and reported
the highest performance achieved by a decision tree with
an accuracy of 93.3%. Krishna and Rama Parvathy [9]
compared k-NN and decision tree accuracy prediction of
medical insurance and found that k-NN is the more
promising result with 87.4% accuracy.

There are several reasons for comparing decision tree
and k-NN methods. The main reason for comparing them
is because they are both commonly used algorithms in
data modeling and classification. Decision trees and k-NN
are often contrasted in machine learning. A decision tree
makes decisions based on rules and separates data into
different groups based on relevant features, offering an
advantage in interpretability due to its easy-to-
understand tree structure [10]. On the other hand, k-NN
makes decisions based on the distance between the data
to be classified and the existing training data, which lacks

a clear structure and makes interpretation difficult [11].
While numerous individual studies have explored the
application of decision tree and k-NN classification
techniques, there is currently no ongoing study
employing PAQI data in Indonesia, accompanied by
model assessment utilizing performance metrics such as
accuracy, recall, precision, and F1-score.

Each algorithm possesses its unique set of strengths and
weaknesses when it comes to data classification, so the
best classification performance results will vary in each
study [12]. Both performances are compared with the
aim of finding out which algorithm is the best to apply in
this study.

2. Materials and Methods
2.1. Data Description

This study uses secondary data from Plume Labs
(https://air.plumelabs.com/en/)  regarding  pollutant
concentrations with concentration measurement units
(ug/m3) and PAQI categories from 33 provincial capitals
in Indonesia available on the website for the period 1 July
to 31 December 2022 or as many as 184 days. PAQI
category is used as a label and pollutant concentration is
used as a feature.

PAQI thresholds are based on WHO recommendations
that take into account four types of pollutants harmful to
the environment and human health: particulate matter
PM1o, PM2s, nitrogen dioxide NOz, and ozone Os. The PAQI
consists of five pollution levels with thresholds for each
category, namely "Fresh Air" (0-50), "Moderate Pollution"
(51-100), "High Pollution" (101-150), "Very High Pollution"
(151-200), and "Excessive Pollution" (>200). This range of
values reflects air quality levels from very good to very
hazardous, providing important insights for decision-
making in efforts to improve air quality and public health
[4].

2.2, (lassification Algorithms, Data Sharing and
Performance Evaluation

In this study, the algorithms used are decision tree and k-
NN. There are several data division partitions used in this
study with a ratio of 70:30, 80:20, and 90:10, each
implemented to find the ratio with the best performance.

Model evaluation in this study uses the confusion matrix
method which can represent information on the
comparison of prediction results with actual conditions
[13, 14]. Performance is measured based on a
combination of accuracy, precision, recall, and F1-score
[15]. The equation for each of these calculations are
shown in Equation 1-4.
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Table 1. Concentration and dispersion of pollutant data (n=184 days).

Descriptive Statistics

No. Features Mean Std Min Q1 Q2 Q3 Max
1 PMz2s 11.19 18.42 0 0.00 4.00 14.00 146
2 PMio 17.61 26.75 0 1.00 8.00 22.00 211
3 NO2 12.93 26.57 0 1.00 5.00 12.00 278
4 O3 34.15 14.25 0 24.75 32.00 42.00 124
Accuracy = TP + TN £ 100% %) training data performance, and the best algorithm is

TP+TN+FN+FP

Precision = e 100% (2)
recision = o5 X (]

Recall = x 100% 3)

TP
(TP + FN)

(Precision x Recall)

F1—score=2x x 100% 4)

(Precision + Recall)

2.3. Data Analysis

In this study, statistics is the primary method used to
generalize the results [16-19]. Data analysis used Python
programming language software version 3.10.0 with
Jupyter Notebook editor version 6.5.2. Descriptive
analysis was used to calculate data concentration and
data distribution to summarize and describe the
characteristics of a dataset [14, 20, 21]. The statistical
method used in this study consists of frequency as part
of descriptive statistical analysis [18, 20, 22]. Then, the
visualization of PAQI distribution in each provincial
capital in Indonesia is displayed in the form of a thematic
map.

In the initial stage of analysis for machine learning, the
data is divided into two parts, namely training data and
testing data, with three division ratios, namely 70:30,
80:20, and 90:10. This division aims to obtain optimal
classification results based on different ratios.

The classification process with decision tree and k-NN on
training data begins with hyperparameter tuning. In the
decision tree, hyperparameters are used such as
criterion value, max. depth, min samples leaf, and min
split. Meanwhile, the number of neighbors (k), distance
metric, and distance weight are used as hyperparameters
in k-NN. Both hyperparameter tuning use the grid search
method with 10-fold cross-validation to find the optimal
combination that produces the highest accuracy value
and form a model based on the combination.

After the model is formed, performance evaluation is
conducted for each data partition ratio. The best-
performing partition is selected based on the results of

selected based on the comparison of testing data
performance. The results are used as the conclusion of
the research.

2.4. Data Preprocessing

Data standardization is performed using z-score
normalization to overcome the difference in the range of
values for each feature. Furthermore, we apply the
random oversampling technique to balance the dataset.
This technique is important when dealing with
imbalanced data, where one class significantly
outnumbers the other(s) [19, 23, 24].

3. Results and Discussion

The results of data centering and dispersion analysis for
pollutant concentrations in Indonesia are shown in Table
1. Based on the table, the highest concentration is found
in NO: pollutants with a value of 278 pg/m? while the
lowest concentration value is found in all pollutants,
which is 0 pg/m?.

For air conditions in Indonesia, of the seven PAQI
categories used by Plume Labs, there are only five
categories, namely fresh air, moderate pollution, high
pollution, very high pollution, and excessive pollution.
The "Fresh air" category dominates with a total of 3,673
observations (60.49%). Meanwhile, the "Moderate"
category accounts for 1,549 observations (25.51%). The
"High" category has 551 observations (9.07%), followed
by "Very high" with 244 observations (4.02%). Finally, the
"Excessive" category is the least category with only 55
observations (0.91%). This data distribution provides an
overview of the distribution of PAQI categories in the data
sample used in the analysis. Pollutant distribution based
on provincial capitals in Indonesia can be seen in the
boxplot shown in Figure 1.

Compared to other provincial capitals, Jakarta has a very
high concentration of pollutants, particularly for PMas,
PMio, and NO.. In contrast, all of the boxes from the
provinces are practically in the same place in the O3
boxplot. Additionally, it is clear that each pollutant has
outliers, but Jakarta's NO: levels are particularly severe.

Furthermore, the distribution of air quality based on the
average PAQI value in each of Indonesia's provincial
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Figure 2. Distribution of PAQI in Indonesia's provincial capitals.

capitals is presented visually in the thematic map in
Figure 2. On the map, dots represent provincial capitals,
and a small dot with a PAQI value range of 0 - 20 indicates
a low average PAQI value, which means a fresh air
category. The larger the dot, the higher the PAQI value in
that provincial capital. Then, Figure 1 shows that
Indonesia is dominated by provincial capitals with
average PAQI values in the Moderate pollution category.
However, Jakarta City has the highest PAQI value in the

very high pollution category, indicated by the largest dot
on the map.

A comparison of the amount of data on the target
variable before and after data balancing is shown in Table
2. Based on the table, it is known that the number of
observations of major and minor classes in the target
variable is balanced.

The next stage is the formation of the decision tree model
on the training data. The parameters used to control the
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Table 2. The number of training data before and after balancing.

Training data

Random Oversampling Data

Class data

70% 80% 90% 70% 80% 90%

Fresh air 2576 2941 3308 2576 2941 3308
Moderate 1073 1230 1387 2576 2941 3308
High 388 449 502 2576 2941 3308
Very high 177 195 217 2576 2941 3308
Excessive 36 42 50 2576 2941 3308

Table 3. Performance comparison.

Algorithm Accuracy Precision Recall F1-score

Decision tree 90.67% 90.61% 90.67% 90.63%

k-NN 84.91% 85.98% 84.91% 85.25%

tree formation process in this study are criterion, min
samples split, min samples leaf, and max depth. The
tuning results show the use of the Gini criterion with a
min samples split value of 2 samples, min samples leaf of
1 sample, and max depth of 5 for all three ratios. With
these settings, the model achieved a high level of
accuracy, which was about 90.61% for the 70:30 ratio,
89.87% for the 80:20 ratio, and 90.10% for the 90:10 ratio.

Then a decision tree model with optimal parameters on
each data partition is built. Then the accuracy, precision,
recall, and F1-score values were calculated. The analysis
results showed that in the 90:10 partition, the model
achieved an accuracy of 90.10%, precision of 90.29%,
recall of 90.10%, and F1-score of 90.16%. At 80:20
partition, the accuracy reached 89.87%, precision 90.01%,
recall 89.87%, and F1-score 89.92%. While in the 70:30
partition, accuracy reached 90.61%, precision 90.66%,
recall 90.61%, and F1-score 90.63%. So that the 70:30
partition provides the best classification results with the
highest accuracy, precision, recall, and F1-score
compared to other partitions.

The next stage is to evaluate the testing data with the aim
of knowing how well the decision tree model has been
built to predict accurate prediction results on new data.
The analysis results show that this model achieved an
accuracy of 90.67%, precision of 90.61%, recall of 90.67%,
and F1-score of 90.63%. These performance results show
that the decision tree model performs well in classifying
plume air quality index data. Then, perform the k-NN
algorithm classification. Before the formation of the
model, hyperparamter tuning is necessary. In k-NN, there
are three hyperparameters: the number of neighbors (k),
distance metric, and distance weight. The tuning results
show the use of the same distance metric and distance
weight for the three data partitions, namely manhattan
distance and distance weight, respectively. Then the
tuning results for the number of neighbors in the 70:30
partition are 7 neighbors, and the other two partitions
are 13 neighbors. With these settings, the model achieves

a high level of accuracy, which is about 97.37% for the
70:30 ratio, 97.36% for the 80:20 ratio, and 97.41% for the
90:10 ratio.

The next step is to build a k-NN model with the optimal
hyperparameters that have been obtained.The analysis
results show that in the 90:10 partition, the model
achieved 97.39% accuracy, 97.39% precision, 97.31%
recall, and 97.30% F1-score.ln the 80:20 partition, the
accuracy reached 97.36%, precision 97.44%, recall
97.36%, and F1-score 97.36%.While in the 70:30 partition,
the accuracy reached 97.38%, precision 97.44%, recall
97.38%, and F1-score 97.37%.The highest value for each
performance calculation metric is found in the 70%
training and 30% testing data partition.After obtaining
evaluation results on training data, an evaluation will be
carried out to measure the performance or performance
of the k-NN algorithm on testing data.

The highest performance calculation results generated
by data partitioning 70% training data and 30% testing
data with the calculation results, namely the accuracy
value of 84.91%, precision of 85.98%, recall of 84.91%,
and f1-score of 85.25%. This performance value shows
that the results are good in classifying PAQI for provincial
capitals in Indonesia using k-NN.

Based on the results of the performance values obtained
for the decision tree algorithm and k-NN can be seen in
Table 3. The results of the performance calculation of the
decision tree have a better performance value than k-NN.
The results of the decision tree performance calculation,
namely the accuracy value of 90.67%, the precision value
of 90.61%, the recall value of 90.67%, and the F1-score
value of 90.63%. From these results, it can be said that
the decision tree algorithm is the best algorithm with a
higher performance value compared to k-NN.

This study shows that NO: is the pollutant with the
highest concentration in Indonesia. This is because NO2
is a major atmospheric pollutant generated from various
anthropogenic sources, especially motor vehicle
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emissions, and is associated with population density [25].
High levels of NOz are found in and around urban
environments [26].

Furthermore, based on the comparison of simulation
results, the decision tree is the best algorithm compared
to the k-NN algorithm or other machine learning
classification algorithms. This is in accordance with
previous research conducted by Bilen and Bozkurt [27]
who discussed the comparative analysis of several
machine and deep learning algorithms to predict the AQI
based on data collected from various stations in Kocaeli
Province. Researchers used decision tree, k-NN, Naive
Bayes, Logistic Regression, SVM, RF, RNN, and LSTM
algorithms and found that the most accurate
classification was performed by the decision tree
algorithm with @ maximum accuracy of 94%.
Furthermore, previous research mentioned that in
classifying air quality in Indonesia the decision tree is a
very good method [28].

Furthermore, there are several reasons why decision
trees can be better than k-NN [29]. First, the decision tree
takes less time in the classification process than k-NN,
especially with large datasets, because KNN scans the
entire dataset to predict and does not generalize the data
first. Secondly, the decision tree is a machine learning
algorithm that supports automatic feature interaction.
That is, the decision tree can find the relationship
between features automatically and generate more
complex rules than k-NN. Meanwhile, k-NN only
calculates the distance between data points and other
data points to determine the closest class. Third, k-NN
needs to keep all the training data in memory to compare
it with new data points during prediction. While the
decision tree does not need to do this activity.

As the size of the training dataset increases, more
memory is required to store all the data, which results in
slower computation of k-NN classification. This is due to
the expansion of the search to the nearest neighbor in
the feature space. Furthermore, k-NN is not sensitive to
irrelevant data or noise in the dataset. Irrelevant data
may affect the classification results in an undesirable
way. In addition, k-NN requires the selection of
parameter k, which is the number of nearest neighbors
to be used in classification. Improper parameter selection
can affect the algorithm's performance. A value of k that
is too small easily results in overfitting. This is caused by
the model focusing too much on specific training data
and not generalizing well to new data [30].

Furthermore, the limitation of this research is the time
span of the data taken, so it is possible that it cannot
cover the optimal conditions of pollutants in Indonesia.

This may affect the classification performance of both
algorithms.

4. Conclusions

The capital city of Jakarta has the worst air quality in
Indonesia based on the average PAQI value in the period
July 1 to December 31, 2022, when compared to other
provincial capitals. The best classification performance
results using both Decision tree and k-NN are generated
by 70% data partition for training and 30% for testing.
Based on the tuning results of the decision tree
hyperparameters, the best parameters are obtained
using criterion gini, max depth of 5, min samples leaf of 1
sample, and min samples split of 2 samples.
Furthermore, for the k-NN algorithm, the value of k =11,
distance metric manhattan, and distance weight distance
are the best hyperparameter tuning results.
Furthermore, the results of the Decision Tree
performance calculation for accuracy, precision, recall,
and F1-score are 90.67%, 90.61%, 90.67%, and 90.63%,
respectively. Meanwhile, in the performance of k-NN, the
accuracy, precision, recall, and F1-score were 84.91%,
85.98%, 84.91%, and 85.25%, respectively. Therefore, the
Decision Tree shows the best performance results in
classifying PAQI data in Indonesia because the
performance value of decision tree is higher than k-NN
for all metrics.
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