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Abstract: The Air Quality Index (AQI) dataset contains information on measurements of pollutants
and ambient air quality conditions at certain location that can be used to predict air quality. Unfor-
tunately, this dataset often has many missing observations and imbalanced classes. Both of these
problems can affect the performance of the prediction model. In particular, predictions for the minor-
ity class are very important because inaccurate predictions can be fatal or cause big losses. Moreover,
the missing data may lead to biased results. This paper proposes the single imputation of the median
and the multiple imputations of the k-Nearest Neighbor (KNN) regressor to handle missing values
of less than or equal to 10% and more than 10%, respectively. At the same time, the SMOTE-Tomek
Links address the imbalanced class. These proposed approaches to handle both issues are then used
to assess the air quality prediction of the India AQI dataset using Naive Bayes (NB), KNN, and C4.5.
The five treatments show that the proposed method of the Median-KNN regressor-SMOTE-Tomek
Links is able to improve the performance of the India air quality prediction model. In other words,
the proposed method succeeds in overcoming the problems of missing values and class imbalance.

Keywords: air quality; missing values; imbalanced data; median; KNN; SMOTE-Tomek Links

1. Introduction

The problems of missing data and class imbalance often occur in datasets from various
fields, for example, arrhythmia [1], financial fraud [2], air pressure systems [3], diabetes [4],
and so on. Missing and imbalanced data significantly affect the performance of the classifi-
cation method, so it is essential to overcome these problems. Missing data is a condition
where an observation has no value [5]. Imbalanced data is a condition where the number
of instances in a class is very small compared to other classes [6]. Missing data can cause
the loss of information in the datasets, and imbalanced data can cause the information in
the majority class to become easy to obtain. On the contrary, obtaining information about
the minority class becomes challenging. Missing data that are not handled can lead to
incorrect analysis results and conclusions. The loss of datasets can affect the accuracy of the
classification and may give biased results [7]. In addition, some classification algorithms
do not allow missing values in the dataset. Handling missing data requires techniques that
obtain a representative value when filling in lost data. Imputation is a technique used to
fill in or replace missing data. Imputation techniques to handle missing data are classified
into two groups: single imputation and multiple imputations [8]. Single imputation is
an imputation technique that provides a specific value that can replace the missing data
directly. Single imputation gives a specified value in place of the missing data instantly.
At the same time, multiple imputations select a calculated value from several possible
responses based on analysis of variance or confidence intervals.
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A single imputation is suitable for small amounts of missing data. When the sum of
the missing data is slight, this imputation provides a reasonably effective technique. Both
single-imputation methods, the mean or the median, can be used to impute missing data
with an amount of at most 10% [9,10]. The median imputation involves fewer calculations
and provides a specific set of data instead of the missing data [1]. Median imputation has
the advantage of dealing with outliers in the observed data and a skewed data distribution,
where the data distribution is not symmetrical or is more inclined to one side. However,
using the median imputation on large amounts of data can produce biased or unrealistic
results, thus providing misleading information [11]. Another weakness is that it reduces
variability so that it reduces the estimated error compared with the deletion approach
and ignores covariance and correlation with other variables [12]. Calculating the median
of many inputs before performing the statistical analysis removes most of the recovered
randomness and gives results close to those of simple imputation, containing minor random
errors [13].

The multiple imputations are used to generate numerous values and perform statistical
analysis. A simple hint adds a random value to restore the randomness lost in the imputa-
tion process. The K-Nearest Neighbor (KNN) regressor is one of the multiple-imputation
methods [14,15]. The KNN regressor is the same as the classification KNN, which uses the
Euclidean distance metric to take as many as k nearest neighbors. The difference is that the
KNN classification takes the similarity of the label or class of the k closest neighbors using
majority voting. At the same time, the KNN regressor calculates the mean or average value
of the k neighbors as the value that fills in the missing data. KNN utilizes the additional
information provided by each predictor to maintain the data’s original structure. KNN is a
non-parametric method and does not require an explanation of the relationship between
variables, so it is not readily susceptible to model specification errors [3]. KNN is easy to
implement and capable of handling all types of power loss, whether continuous, discrete,
ordinal, or nominal. Several studies have shown that the application of a KNN regressor
can improve the performance of classification methods [3,14,16].

Apart from missing data, another problem that needs to be addressed is class imbal-
ance. Unaddressed class imbalances can lead to inaccurate predictions for the minority
class. An accurate prediction for the minority class is very important because inaccuracy
can be fatal or result in very expensive costs [2]. The class imbalance issue can be handled
by using data-level and algorithm-level approaches [17], such as oversampling and under-
sampling [18]. Oversampling is a technique that balances the minority class by duplicating
the minority class so that the number of minority classes increases and can avoid overfitting.
The weakness of oversampling is that it can cause overfitting [19]. Undersampling is a
technique that balances the minority class by eliminating the majority class until the distri-
bution of these classes is balanced. The disadvantage of undersampling is that it can lose
valuable data [18]. The Synthetic Minority Oversampling Technique (SMOTE) is a popular
method to overcome the weaknesses that exist in oversampling. This technique synthesizes
new samples from the minority class by identifying the vector between the sample from the
minority class and the sample from the selected neighbor [20]. Several studies show that
applying the SMOTE to imbalanced data can improve classification performance [6,21,22],
but several studies did not obtain good results [19,20,23,24]. As an alternative, many over-
sampling methods based on the SMOTE have been developed in recent years [23,24]. One
of them is SMOTE-Tomek Links, which combines the SMOTE as an oversampling method
and the Tomek Links as undersampling method. The advantages of the SMOTE-Tomek
Links method are that it can improve data imbalances more effectively than SMOTE and
can improve the accuracy of the minority class [19,23]. Several previous studies have shown
that the SMOTE-Tomek Links method can work well for classification [19,25]. In research
of DNA methylation classification [25], using the SMOTE-Tomek Links method obtained a
metric performance of recall, precision, and F1-score above 90%. Likewise, in research [19]
detecting the error of an electrical rotating machine, satisfactory performance metrics of
above 97% were achieved.
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Air Quality Index (AQI) is a dataset that provides information on the results of
measurements of pollutants and ambient air quality conditions at a certain location. The
dataset can be used to predict air quality. Unfortunately, the dataset often has observations
with missing data and uneven class distribution; for example, the India AQI datasets. This
dataset has a number of variables with missing observations of less than 10% and others of
more than 10%. There are two minority classes in this dataset, namely the Good category
and the Severe category. Single imputation using the median is inappropriate to be applied
to the India AQI dataset, since the data are split over a certain interval. At the same time,
predictions for the minority classes are very important because inaccurate predictions can
be fatal in relation to flight schedules, outdoor activities, motorized vehicle control, and so
on. The problems of missing data and class imbalance in AQI datasets, especially the India
AQI datasets, require a unique approach.

This study integrates the handling of missing observations and imbalanced class in the
India AQI dataset. The missing values are handled using the median and KNN regressor,
while for class imbalance, the SMOTE-Tomek Links method is used. The median and
KNN regressors handle the missing data of less than 10% and more than 10%, respectively.
For data with certain intervals in each class, the median approach needs to be adjusted
according to the intervals in each class of the related variables. At the same time, KNN
is performed by determining the proximity of the distance to each observation. These
proposed approaches to handle both issues are then used to predict the air quality of
the India AQI dataset using Naive Bayes (NB), KNN, and C4.5. Furthermore, we used
five treatments to show the effect of Median-KNN regressor imputation and SMOTE-
Tomek Links on the air quality prediction performance of the India AQI dataset. The five
treatments are a combination of removing missing data and imputing missing data with
SMOTE resampling and SMOTE-Tomek Links, respectively. Our proposed methods are
expected to improve the performance of air quality prediction with the missing observations
and imbalanced classes of the India AQI dataset.

2. Materials and Methods

The entire workflow of the method proposed in this study is shown in Figure 1. The
stages are as follows:

Handling Missing Value

ata =~ 10®
Missing data > 10% Fill missing data nsing

ooo : KNN Regreszor model
=nooo i t—.
i i B Handling data
= : 0 <
@ — E imbalance vsing
Load AQI : New imputation SMOTE-Tomek Links
petas Missing data < 10% gl missing data using I
L= s - g C

median imputation

Naive Bayes, KNN, and Algorithm C.45

Performance i Split data into training

. -+ Testing +—— Trammg )
evaluation i and test sets : New handling

imbalance on
AQI dataset

Figure 1. Median-KNN-SMOTE-Tomek Links workflow diagram for dealing with missing and
imbalanced data in AQI.

2.1. Air Quality Index Dataset

The dataset used in this study is the India Air Quality Index (AQI) from 2015 to 2020,
which was obtained free of charge via the https:/ /www.kaggle.com/datasets/rohanrao/
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air-quality-data-in-india, accessed on 1 September 2022. The size of the dataset is 24,850,
with eight variables. Seven variables are AQI calculation parameters, and the air qual-
ity category is a label calculated based on the AQI value (known as AQI Bucket). The
seven variables are PM; (particulate matter 10-micrometer), PM; 5 (particulate matter
2.5-micrometer), SO, (sulfur dioxide), NOx (nitric x-oxide), CO (carbon monoxide), O3
(ozone or trioxygen), and NHj3 (ammonia). These seven variables have ranges of values
and a number of missing observations with different percentages (Table 1).

Table 1. Value intervals and percentages of the missing values.

Predictor Variable Value Intervals Percentage of Missing Value
PMy 5 (ug/md) 0.04-914.94 2.73
PMyg (ng/m?3) 0.03-917.08 28.52
NOx (ug/m?) 0.00-378.24 747
NHj (ug/m3) 0.01-352.89 26.30
CO (mg/m3) 0.00-175.81 1.79
SO, (ng/md) 0.01-186.08 243
O3 (ug/m3) 0.01-257.73 3.25

The AQI Bucket variable consists of 6 classes: Good, Satisfactory, Moderate, Poor, Very
Poor, and Severe. The distribution of observations in each class is presented in Figure 2.

5% 5%

» Good

= Satisfactory

= Moderate
Poor

= Very Poor

= Seyvere

Figure 2. Class distribution of the dataset.

The number of observations in the majority class reached 36% (Moderate category)
while in the minority class it was 5% (Good category and Severe category). The two
minority classes in air quality prediction are often more important than the other classes
because they can affect various aspects of human life. For example, if weather predictions
are good, airlines can fly, but if the opposite happens, it will certainly endanger passengers.
In this study, training and testing on the India AQI dataset cover data for 2015-2018 and
2019-2020, respectively.

2.2. Handling Missing Values

At this stage, missing values are handled using the imputation technique of filling
in or replacing the missing value with the predicted value. Lost data handling consists
of median imputation and KNN regressor imputation. Median imputation is used for
variables with missing data less than or equal to 10% (PM; 5, NOx, O3, CO, and SO,). The
KNN regressor imputes missing data for variables with more than 10% missing data (PM;g
and NHj).
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2.2.1. Median Imputation

For the imputation of the missing observations, the median calculation is not carried
out directly on the actual data, but is calculated based on the value range of every variable in
each class (AQI category). The median imputation for missing data based on the pollutant
concentration intervals obtained in each category is given in Table 2 [26].

Table 2. India Air Quality Index.

AQI Category (Range) PM;p (png/m3) PM, 5 (ng/m®) NOy (ng/m®) O3 (ng/md) CO (ng/m?) SO, (ng/md) NH; (ng/m®)
Good (0-50) 0-50 0-30 0-40 0-50 0-1.0 0-40 0-200
Satisfactory (51-100) 51-100 31-60 41-80 51-100 1.1-2.0 41-80 201-400
Moderate (101-200) 101-250 61-90 81-180 101-168 2.1-10 81-380 401-800
Poor (201-300) 251-350 91-120 181-280 169-208 10.1-17 381-800 801-1200
Very Poor (301-400) 351-430 121-250 281-400 209-748 17.1-34 801-1600 1201-1800
Severe (401-500) >430 >250 >400 >748 >34 >1600 >1800

2.2.2. KNN Regressor Imputation

For two variables, PM;y and NH3, estimating the mean is ineffective because the
amount of missing data needs to be more significant. So, these two variables are imputed
using the KNN regressor method. The KNN regressor uses the similarity of predictor
variables between samples to predict the value of missing observations [11]. The algorithm
works based on the weighted average of the k-nearest neighbor [27].

The first step in the KNN regressor is calculating the Euclidean distance between
the observations containing missing data (x,) and complete observations (x;) on the m-
th variable [28]. For the i-th observation, where i = 1,2,---,p and p is the number of
missing data,

i 30) =/ Lot (50— )’ <1>

Next, we determine k—the number of closest observations or nearest neighbor used [28].
Furthermore, we impute missing data for the i-th observation using the weighted average
of all predictor variables (excluding variables with missing observations) [11].

k
Zi:l wixll,‘

X; =
k
21‘21 w;j

@)

where w; is defined in (3).

1 2
“i (di(xarxh)) ®

Finally, the imputation process using the KNN regressor is carried out for every
variable that contains missing data by prioritizing those with the least missing data. The
imputation of other variables is carried out the same way after imputing all values in a
variable is completed.

2.3. Handling Missing Value Imbalance Data Using Synthetic Minority Oversampling Technique
(SMOTE) and Tomek Links

The imbalanced data for each class can cause a classification bias towards the majority
class while undersampling the minority class [29]. SMOTE is a method to overcome the
problem of data imbalance, introduced by Chawla et al. [6], where to synthesize a new
sample, random interpolation is carried out between the sample feature space for each
target class and its nearest neighbor [30]. This can increase the number of minority classes
and help the classifier to increase its generalization capacity [29,30]. Many oversampling
methods have been developed using the SMOTE as the basis [24], including SMOTE-
Tomek Links [23,24]. This method combines the SMOTE oversampling and Tomek Links
undersampling techniques [23]. The SMOTE gives rise to synthetic data for the minority
class, and at the same time, Tomek Links removes the data that are identified as Tomek
Links from the majority class.
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The SMOTE step begins by determining the number of nearest neighbors (k), then
calculating the shortest distance between the random data selected from the minority

class (x ) and the data of the k-nearest neighbors (xy,) using the Euclidean distance in

Ci

Equation (1) [29,31]. Furthermore, based on the closest distance, the synthetic sample data
(xs,) are generated for the minority class using (4) [30]:

Xs; = X¢; + r(xCi - xki) (4)

The process is stopped when the data for each class have been balanced [29,31].

The first step in Tomek Links is choosing a pair of samples with the minimum Eu-
clidean distance from the k-nearest neighbors, where each sample comes from a different
class (xg, x;). The sample pair (xg, x;) is a Tomek Link, if there is no sample x; that satisfies
the following conditions related to the Euclidean distance,

d(xg, x) < d(xg,xp) or d(xp, x) < d(xg,xp) 5)

The sample of Tomek Link from the majority class is then removed from the dataset.
The process ends if the balance of classes has been reached [23].

2.4. Performance Measure

The performance of the AQI quality prediction model for which missing data and
class imbalances are handled using Median-KNN regressor imputation and SMOTE-Tomek
Links is measured using accuracy, precision, recall, and F1-score, as is written in (6)—(9) [31].

Accuracy = TP+ TN (6)
YT TPYFP+TN+FN
.. TP
Precision = TP L EP )
TP
Recall = ————
O = TPYFEN ®

2 x Precision x Recall
F1- =
Score Precision + Recall ©)

where TP is correct positive predictions (true positive), FP is wrong positive predictions,
TN is correct negative predictions (true negative), and FN is wrong negative predictions
(false negative).

Accuracy is used to calculate the accuracy of a classification model [31]. However, the
accuracy value is not appropriate for measuring the performance of the classification model
on imbalanced data. In this study, other performance measures were used to overcome this
problem, such as precision, recall, and F1-score [31]. Precision measures the ratio of positive,
correctly predicted AQI classes to the total number of positively predicted classes [31]. The
recall is used to measure the true positive ratio [31]. Finally, the F1-score is the average
harmonic of precision and recall [31].

3. Results and Discussion
3.1. Handling Missing Data

The variables with the lowest number of missing values below 10%, based on Table 1,
namely PM; 5, NOy, O3, CO, and SO,, were imputed using the median value technique
from the predetermined AQI category. For example, suppose there is a missing value in
the PM, 5 attribute, and the AQI Bucket category is Good. Based on Table 2, a range of
values is obtained between 0 and 30, so the imputation value using the median technique
is (04 30) /2 = 15. For other missing values, the same method is used, using the median
value based on the category of each variable. Furthermore, the missing values above 10%,
namely PM;g and NHj3, were imputed using the KNN regressor method. NH3 has fewer



Symmetry 2023, 15, 887

7 of 16

missing values than PMg, so NHj3 is imputed using the KNN regressor first by ignoring
the PMyg. To carry out the training process on the NH3, the k value is determined first by
looking at the most optimal root mean square error (RMSE). The RMSE for the k value
measured ranges from 1 to 25 for the NH3, as can be seen in Figure 3.

30
28
L
(V]
S 26
o
24
0 5 10 15 20 25
K Values

Figure 3. Optimal k values on the NH3.

At k = 1, the highest RMSE value is almost around 30% and continues to decrease
towards a value of 22%. The lowest RMSE value was obtained at k = 23, so the k value was
chosen to be trained on the NHj attribute using the KNN regressor. After the NHj is filled,
the PMj is imputed using the KNN regressor. In the same way, the k value is determined
by the PM;o. The RMSE results obtained for the k value in the PM;g can be seen as shown
in Figure 4. For k = 1, the highest RMSE value is almost around 42% and continues to
decrease towards a value of 36%. The lowest RMSE value was obtained at k = 9, so the k
value was chosen to be trained on the PM;( using the KNN regressor. The results of the
imputation process using the KNN regressor are then compared between the predicted
value and the actual value, which can be seen as shown in Figure 5.

42
40
L
wn
=
o
38
36
0 5 10 15 20 25
K Values

Figure 4. Optimal k values on the PMyj.
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Figure 5. The graph of the comparison of the predicted value and the actual value using the KNN
regressor.

In Figure 5, the predicted initial value is still on a straight diagonal line, which means
there is a match between the expected and actual values. However, towards the end of the
predicted value, some values slightly deviate from the actual value. To see how successful
the KNN regressor method is in filling in the missing values on the PM;y and NHj variables,
measurements are made using the accuracy value with the obtained value of 0.8412.

3.2. Handling Imbalance Data

The amount of data in each class in the dataset is not balanced. In this stage, SMOTE-
Tomek Links is carried out using the oversampling technique. SMOTE-Tomek Links is
used to maintain a balance between the number of classes by increasing the amount of data
in the minority class. The class with the most minority data of the training data is the Good
class, with a total of 400 data, while the class with the most majority data is the Moderate
class, with a total of 4854. Meanwhile, for data testing, the class with the most minority
data is the Severe class, with a total of 383 data, while the class with the most majority data
is the Satisfactory class, with a total of 4526. A comparison of the data amounts before
SMOTE-Tomek Links and after SMOTE-Tomek Links can be seen in Figure 6a,b.

| ‘_l
| J ’
Data Imputation l Data Imputation l
MEDIAN-KNN j MEDIAN-KNN
i
|
Data After SMOTE- Data After SMOTE-
Tomek Links Tomek Links
0 1000 2000 3000 4000 5000 o 1000 2000 3000 4000 5000
DGood MSatisfactory [1Moderate [ISevere [VeryPoor @ Poor @Good M Satisfactory 1 Moderate [ Severe [ VeryPoor B Poor
(a) (b)

Figure 6. Comparison of the amount of data before SMOTE-Tomek Links and after SMOTE-Tomek
Links: (a) training data; (b) testing data.
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It can be seen in Figure 6a for the SMOTE-Tomek Links process that the training
dataset from the Good class, which initially had 400 data, was replicated for a total of
4854 data, so that the number was balanced with the majority class. In the same way, the
SMOTE-Tomek Links process was also carried out for other classes, Poor, Very Poor, Severe,
and Satisfactory, so that the final amount of data in the training dataset after SMOTE-
Tomek Links was 29,124 data, with 4854 data for each class. On the other hand, as shown
in Figure 6b for the test data, the SMOTE-Tomek Links process was also carried out for
the Severe class, which was replicated from 382 data to 4526 data. For other classes, the
same process was also carried out so that the final amount of data in the test dataset after
SMOTE-Tomek Links was 27,156 data, with 4526 data for each class.

3.3. Performance of Prediction Model

The results of applying Median-KNN-SMOTE-Tomek Links to handle missing data
and class imbalances are applied to predict air quality. The methods used in this study are
Naive Bayes (NB), KNN, and C4.5. The performance metrics used to measure the results of
the application of Median-KNN-SMOTE-Tomek Links are accuracy, precision, recall, and
Fl-score. A comparison of the prediction results using the proposed methods can be seen
in Table 3. The accuracy of the prediction data after being imputed using Median-KNN
and balanced using SMOTE-Tomek Links (Median-KNN-SMOTE-Tomek Links) increases
significantly compared with data that are only imputed with Median-KNN, not balanced
using SMOTE-Tomek Links (Median-KNN). The increase in accuracy from highest to lowest
was 29.16% (C4.5), 19.75% (KNN), and 5.16% (NB). In line with this increase, C4.5 has the
highest accuracy compared with the other two methods, with a metric value of 100%.

Table 3. The result of the accuracy of the classification process on research data using the NB, KNN,
and C4.5 algorithms.

Methods Data Imputation Median-KNN (%) Data after SMOTE-Tomek Links (%)

NB 68.80 73.96
KNN 76.25 96.45
C4.5 70.84 100

The other performance metrics measured in each class, such as precision, recall, and
F1-score, for each prediction method can be seen in Figures 7-9.

100
90
80 _ ‘

70 | [ I N -
50

30

\
\

40

20 ‘

60 - tm B ‘ ]
10 ‘
L

0 L Ll | L

L} I -

Predsion Recall F-1 Score Predsion Recall F-1 Score
Data iImputation Data After SMOTE-
MEDIAN-KNN Tomek Links

@Poor @ VeryPoor Severe Moderate @ Satisfactory ®@ Good

Figure 7. The precision, recall, and F1-score using the NB method.
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Figure 8. The precision, recall, and F1-score using the KNN method.
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Figure 9. The precision, recall, and F1-score using the C.45 algorithm.

Figures 7-9 show that the prediction results using data after SMOTE-Tomek Links
(Median-KNN-SMOTE-Tomek Links) exhibit an increase in the other metrics, precision,
recall, and F1-score, in all three methods compared with the data that were only imputed
using Median-KNN. In data imputation using Median-KNN, the average precision ranges
from 48% to 89%, the average recall ranges from 25% to 87%, and the average F1-score
ranges from 37% to 80%. Meanwhile, the data after SMOTE-Tomek Links produce an
average precision ranging from 67% to 100%, average recall ranging from 58% to 100%, and
average F1-score ranging from 64% to 100%.

Furthermore, we used five treatments to show the effect of Median-KNN regressor
imputation and SMOTE-Tomek Links resampling in dealing with missing data and class
imbalance, respectively (Table 4). For the first treatment, all missing values are discarded,
and class imbalances are ignored. All missing values are discarded in the second treatment,
and class imbalances are handled with SMOTE. All missing values are discarded in the third
treatment, and class imbalances are handled with SMOTE-Tomek Links. The missing values
are handled with the Median-KNN regressor in the fourth treatment, and class imbalances
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are handled with SMOTE. For the fourth treatment, the missing values are handled with
the Median-KNN regressor, and class imbalances are handled with SMOTE-Tomek Links.

Table 4. Comparison of the predictive performance of the five proposed treatments.

Method Treatment Precision (%) Recall (%) F1-Score (%)  Accuracy (%)
NB 1 70.14 70.42 69.89 74.99
2 74.13 73.59 73.48 73.59
3 74.76 73.99 73.94 73.97
4 67.35 66.67 66.22 66.67
5 67.17 66.67 66.33 73.96
KNN 1 74.34 65.29 67.35 75.97
2 76.62 76.09 759 76.09
3 76.28 75.77 75.67 75.75
4 74.87 74.53 74.46 74.53
5 96.83 96.50 96.17 96.64
C45 1 65.40 66.41 65.71 69.5
2 68.38 64.55 64.95 64.55
3 67.81 64.88 65.27 64.9
4 70.52 69.45 69.67 69.45
5 100.00 100.00 100.00 100.00

We show that the increase in predictive performance with Naive Bayes from treatment
1 to treatment 3 is due to the weakening of the correlations of most of the predictor variables
(Tables 5-7). In these three datasets, the more the variable correlations are weakened,
the more predictive performance increases with Naive Bayes. In other words, fulfilling
more naive assumptions between predictor variables can further improve the predictive
performance.

Table 5. Correlation in the first treatment.

Correlation PM; 5 PMj NOy NH; CO SO, O3
PM, 5 1 0.8599 0.5861 0.5855 0.2851 0.3705 0.3620
PMyg 1 0.6086 0.5844 0.2870 0.4317 0.3572
NOy 1 0.4394 0.2499 0.2970 0.2980
NHj; 1 0.3247 0.2136 0.2776
CcO 1 0.0809 0.0371
SO, 1 0.1683
O3 1

Table 6. Correlation in the second treatment.

Correlation PM2_5 PM10 NOy NH3 CO SOZ 03
PM; 5 1 —0.0042 —0.0006 —0.0055 0.0076 0.0061 —0.0105
PMyg 1 —0.0095 —0.0207 —0.0012 0.0219 —0.0312
NOy 1 —0.0043 —0.0147 —0.0168 0.0176
NH; 1 —0.0178 —0.0057 0.0068
CcO 1 0.0086 —0.0260
SO, 1 —0.0102
O3 1

The same thing happened to the data of the fourth and fifth treatments, where the
missing data were imputed with the Median-KNN regressor and then the imbalanced
classes were resampled using SMOTE and SMOTE-Tomek Links. The correlation between
predictor variables increased from the fourth treatment to the fifth treatment, causing the
prediction performance using the NB method to decrease (Tables 8 and 9).
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Table 7. Correlation in the third treatment.

Correlation PM2.5 PM10 NOX NH3 CO SOZ 03
PM; 5 1 —0.0083 —0.0206 —0.0068 0.0482 0.0170 —0.0071
PMy 1 —0.0071 —0.0270 0.0366 0.0131 —0.0075
NOy 1 —0.0157 —0.0201 —0.0087 —0.0105
NH; 1 —0.0010 0.0216 —0.0015
CcO 1 0.0228 —0.0111
SO, 1 0.0032
O3 0.0143 1

Table 8. Correlation in the fourth treatment.

Correlation PM2.5 PM10 NOx NH3 CcO SOZ 03
PM, 5 1 0.0143 0.0039 0.0240 —0.0046 0.0158 0.0104
PMyy 1 —0.0049 —0.0067 0.0096 —0.0059 —0.0068
NOx 1 0.0025 —0.0055 —0.0014 0.0036
NHj; 1 0.0000 —0.0262 —0.0035
CcO 1 0.0228 —0.0128
SO, 1 —0.0148
O3 1

Table 9. Correlation in the fifth treatment.

Correlation PM; 5 PMj NOy NH; CO SO, O3
PM, 5 1 0.8939 0.4380 0.5018 0.0190 0.0450 0.0648
PMy 1 0.4468 0.4304 0.0673 0.0678 0.0834
NOy 1 0.1213 0.3086 0.1951 0.0759
NH;3; 1 0.0338 —0.0437 0.1066
CcO 1 0.3535 0.1563
SO, 1 0.1627
O3 1

In implementing the KNN method for the five treatments, we explored a number
of values of k in the range 1-100, determining which produces the highest accuracy. The
highest k values in the training dataset for each treatment were 30, 93, 61, 55, and 2,
respectively (Figure 10). Especially for the fifth treatment, the accuracy value was stable at
100% for k =1 to 100.

The use of Median-KNN regressor imputation and SMOTE-Tomek Links resampling,
proposed in this work to improve air quality prediction performance, obtained significant
results using the KNN and C4.5 methods. Even with the C4.5 method, the model perfor-
mance reached 100% on all metrics. As non-parametric methods, both the KNN and C4.5
methods do not consider the effect of the correlation between predictor variables, so adding
observations to balance classes positively affects predictive performance.

Furthermore, improved evaluation results for the three proposed methods with data
obtained before SMOTE-Tomek Links and after SMOTE-Tomek Links are compared with
those of other studies. Table 10 shows that not all studies that handled imbalanced classes
before using SMOTE-Tomek Links had improved performance on all metrics. An increase
in performance is marked with a positive value, while a decrease is marked with a negative
value in accuracy, precision, recall and F1-Score. In credit card fraud detection [20], with a
class ratio of 0.17:99.83, the class imbalance handled with SMOTE-Tomek Links resulted
in a recall of 94.94% from the previous 74.83%. The increase in this metric by 20.11% was
not followed by an increase in accuracy, which actually decreased from 99.17% to 98.32%.
However, the decline did not reach 1%.
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Figure 10. The highest k value using KNN for prediction.

Table 10. Comparison of the improvement in performance metrics before and after SMOTE-Tomek

Links between the proposed method and other studies.

Method, Dataset, Class Ratio

Increase

Precision (%) Recall (%) F1-Score (%) Accuracy (%)

KNN, Credit Card Fraud, 0.17: 99.83 [20] - 20.11 - —0.85

KNN, Electrical Rotating Machine, 37.5: 62.5 [19] 43.00 41.00 45.00 40.00

KNN, Electrical Rotating Machine,16.7: 83.3 [19] 60.00 38.00 47.00 38.70

NB, DNA Methylation, [25] 5.00 24.00 12.00 -

LR, DNA Methylation, [25] —14.00 7.00 —5.00 -

RE, DNA Methylation, [25] —-1.00 7.00 3.00 -

Proposed Method (NB, multiclass with Median-KNN regressor imputation) 0 2.67 1.33 5.16
Proposed Method (KNN, multiclass with Median-KNN regressor imputation) 25.33 37.83 34.17 20.2
Proposed Method (C4.5, multiclass with Median-KNN regressor imputation) 33.50 33.33 33.50 29.16

High accuracy does not always mean that the algorithm performs better in all situa-
tions. It is sometimes misleading in situations such as imbalanced class datasets, so it is not
always considered to be accurate. In credit card fraud detection [20], if you only predict
that the transaction is genuine and not fraudulent, it will cause big problems for credit card
companies. As a result, the proportion of transaction cases that are predicted to be fraud
but are not fraud must be higher than the proportion of transaction cases that are predicted



Symmetry 2023, 15, 887

14 of 16

not to be a fraud but are fraud. Thus, a high increase in a recall is needed compared to a
high increase in accuracy.

In the case of DNA methylation classification [25], only NB had improved performance
on all three metrics—precision, recall, and F1-Score—while the classification using random
forest (RF) and logistic regression (LR) for data that are balanced with SMOTE-Tomek Links
each have performance improvements in recall and F1-score or recall only. The highest
increase was only achieved for recall using Naive Bayes. Overall, the increase achieved
was less than 25% and the decline did not reach 15%.

A recall is a more significant evaluation measure than precision in most high-risk
disease (such as cancer) detection situations. The recall represents the percentage of all
cancer cases that the model correctly predicted, whereas the precision represents the
percentage of predictions made by the cancer model where cancer is truly present. Similar
to the detection of credit card fraud, DNA methylation also requires a more significant
increase in recall compared to other evaluation measures.

The most significant performance increase (38%—-60%) was obtained from monitoring
an electrical rotating machine dataset [19] with class ratios of 37.5:62.5 and 16.7:83.3. In the
first ratio, the metric that has the highest increase is precision, while in the second ratio,
this metric is the F1-score. All of these studies predict cases using KNN. The increase in
performance metrics, which reached 60% in [19], could also be due to the small number of
samples. Further exploration is needed for large samples.

In our proposed method, the highest increase in prediction performance was achieved
by C4.5, for which the metrics ranged from 29.16% to 33.5%. Generally, the resampling
technique of SMOTE-Tomek Links has a positive effect on improving the prediction perfor-
mance of the KNN and C4.5 methods, especially for India air quality prediction, where the
amount of missing data is less than 10% or more than or equal to 10%, handled using the
median and KNN regressor, respectively.

Furthermore, Table 11 present the performance metrics obtained by this proposed
study using the SMOTE-Tomek Links technique and the three proposed methods are
compared with previous research using this air quality dataset. Sethi and Mittal [32]
obtained the lowest accuracy value, which only calculated accuracy and precision values.
The lowest precision, recall, and F1-scores were obtained in this study using the Median-
KNN-SMOTE-Tomek Links with NB method. This method of handling lost data and class
imbalance that combines the Median-KNN and SMOTE-Tomek Link methods, then predicts
quality with C4.5, has a very satisfying performance, where all performance metrics reach
100%. Sufficient experimentation is required to obtain a satisfactory predictive model
performance.

Table 11. Comparison of the performance evaluation results in this study with previous studies using
the Air Quality dataset.

Methods Precision (%) Recall (%)  F1-Score (%)  Accuracy (%)
Cloud Model Granulation [33] 71.43 - - -
KNN [34] 95.2 93.46 91.87 -
SVM [32] 74.3 - - 70.66
Multilayer Perceptron [35] 85.4 - - 85.79
Proposed Method (NB, multiclass with Median-KNN regressor imputation) 67.17 66.67 66.33 73.96
Proposed Method (KNN, multiclass with Median-KNN regressor imputation) 96.83 96.50 96.17 96.64
Proposed Method (C4.5, multiclass with Median-KNN regressor imputation) 100.00 100.00 100.00 100.00

4. Conclusions

This work predicts air quality using the India AQI dataset, which has many missing
observations and imbalanced classes. Handling these two problems is important because
they may give biased results and cause inaccurate predictions, respectively. Inaccurate
predictions for the minority class can be fatal or cause big losses. The median and the KNN
regressor are proposed to handle missing values of less than or equal to 10% and more than
10%, respectively. At the same time, the SMOTE-Tomek Links method addresses the class
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imbalance. These proposed approaches to handle both issues are then used to assess the air
quality prediction of the India AQI dataset using NB, KNN, and C4.5. Five treatments are
created to show the effect of Median-KNN regressor imputation and SMOTE-Tomek Links
on the air quality prediction performance of the India AQI dataset. The five treatments
are a combination of removing missing data and imputing missing data with SMOTE
resampling and SMOTE-Tomek Links, respectively. The results show that the proposed
method using the Median-KNN regressor and SMOTE-Tomek Links is able to improve
the performance of the India air quality prediction model. In other words, the proposed
method has succeeded in overcoming the problem of missing values and class imbalance.
Even the predictions from the proposed model using C4.5 have values for the performance
metrics of accuracy, precision, recall, and Fl-score each of 100.
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