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Abstract: In recent years, air pollution has become an environmental issue of global concern. It not only affects human health,
but also causes serious damage to the Earth's ecosystem. By analyzing the concentration values of various pollutants in the air
and the air quality index (AQI) every hour, the most relevant components to the AQI can be identified. In this paper, Apriori
association rule algorithm is applied to correlate various data in air quality monitoring to provide a new reference solution for

solving environmental pollution problems in the future.
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1.

Air pollution is a serious environmental problem that poses
a great threat to the health of human beings and the planet. Its
main sources are industrial, automobile and household
emissions. These pollutants form smog, suspended particles
and harmful gases in the atmosphere, posing a serious threat
to human health. In order to improve air quality and
effectively suppress the concentration of pollutants in the air,
Apriori algorithm is proposed to analyze the correlation of air
quality detection data.

At present, the research on correlation at home and abroad
has achieved certain results. Literature [1] proposed a multi-
objective genetic algorithm based on rough patterns for
mining the association rules between values. The rough
values defined by upper and lower bounds are used to
represent a set of values, and Pareto optimality is used to solve
the multi-objective optimization problem, which contributes
well to improve the performance of the algorithm. Literature
[2] selects the most effective attributes by using association
rule-optimized wheeze measurements and dissolved gas
analysis methods, which reduces the inputs to the adaptive
neuro-fuzzy inference system and effectively improves the
performance of the algorithm. Literature [3] proposed an
Apriori algorithm based on association rule mining to
discover symptom patterns in COVID-19 patients. This study
used records of 2875 patients to identify the most common
signs and symptoms, providing clinicians with valuable
insights into the disease and helping them to effectively
manage and treat it.

In this paper, an Apriori algorithm based correlation study
of air quality testing data is proposed. First, the obtained data
are processed to obtain a set of basic ground correlation data
set. Then, the data set is analyzed using Apriori algorithm to
get the correlation results between the data. Finally, the
accuracy of the correlation results is examined. In this paper,
a correlation study of air quality detection data based on
Apriori algorithm is proposed. First, the obtained data are
processed to obtain a set of basic ground correlation data set.
Then, the data set is analyzed using Apriori algorithm to get
the correlation results between the data. Finally, the accuracy
of the correlation results is examined.
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2. The Apriori Algorithm

2.1. Basic concepts

Association rules are a very classical task in data mining,
whose main goal is to extract frequent items and
corresponding association rules from a series of transaction
sets and to explore the interdependence and correlation
between events and other events. The association rule mining
algorithms proposed so far are Apriori algorithm, FP growth
algorithm, Eclat algorithm, etc [5-7]. One of the most famous
association rule methods is Apriori algorithm .

Before gaining a specific understanding of the Apriori
algorithm, it is important to first understand some concepts:

(DAssociation rule: An association rule is an implication in
the form of X=>Y, where X and Y are itemsets, and there is
no intersection between X and Y. X is called the antecedent of
the rule, and Y is called the consequent of the rule. The
association rule reflects the pattern in which the items in X
appear, and the items in Y also follow.

@Support: The proportion of times several associated data
appear in the dataset to the total dataset [10]. Namely,
support=(including the number of records for item X)/(total
number of records) [9]

number(XY)
number(AllSamples)

support (x,y)=P(XY)= (D

(3)Confidence: The probability of one data appearing, or
the conditional probability of another data appearing.
Confidence (X ->Y)=(number of records containing items X
and Y)/(number of records containing X). Confidence is a
conditional concept, which means what is the probability of
Y occurring in the case of X [11].

P(XY)

confidence(X—>Y)=P(Y | X) = P(X)
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@Minimum support and minimum confidence: Usually,
users need to specify the support and confidence thresholds
that the rule must meet in order to meet certain requirements.



When support (X=>Y) and confidence (X=>Y) are greater
than or equal to their respective threshold values, X=>Y is
considered meaningful, and these two values are called the
minimum support threshold (min sup) and minimum
confidence threshold (min_conf). Among them, min_ sup
describes the minimum importance level of association rules,
min_conf specifies the minimum reliability that association
rules must meet.

2.2. Main steps

The Apriori algorithm [8] is an iterative method of layer by
layer search used to explore the correlations between datasets.
It first needs to find the set L1 of frequent 1-itemsets, then use
L1 to find the set L2 of frequent 2-itemsets, and so on, until
the frequent K-itemsets cannot be found. There are two main
steps in this, which are connecting and pruning.

(DConnection: Using the frequent itemsets of k items that
have already been found, a new candidate itemset is obtained
by pairwise combination connection. Note that the two
different frequent itemsets connected at this time must have
k-1 items that are the same.

(2Pruning: Not all candidate itemsets obtained are frequent
itemsets, and pruning operations must be performed to obtain
truly frequent itemsets with candidate support greater than the
minimum support.

2.3. Related Examples

The itemset processed by the Apriori algorithm, if a certain
itemset is frequent, then all its subsets are also frequent.
Specific examples are shown in Figure 2

TID Items Itemset occurrence support Itemset
1 {1, 3, 4} N number 1,2}
1
2 (2,3, 5) — {1} 2 2/4 @ > (1,3}
3 {1,2,3,5} {2} 3 3/4 (1.5}
1 2,5 3) 3 3/4 2.3
.
{3,5}
l@
Itemset occurrence support Itemset Itemset occurrence support
number number
{1,2,3}
{1,2,3} 1 1/4 ® (12,5} @ {1,2} 1 1/4
{1,2,5} 1 1/4 € (1,3.5) € {1,3} 2 2/4
{1,3,5} 1 1/4 {2'3’5} {1,5) 1 1/4
{2,3,5} 2 2/4 — {2,3} 2 2/4
{2,5} 3 3/4
{3.5} 2 2/4

Figure 1. Related Examples

There are a total of 4 records in the dataset, namely {1,3,4},
{2,3,5}, {1,2,3,5}, and {2,5}. The minimum support
threshold (min_sup) is set to 50%

(D Generate candidate frequent itemsets for the dataset and
calculate their respective support levels (4 records, where 1,
2,3,4,and 5 appear as 2, 3, 3, 1, and 3 respectively)

@ Cut out candidate frequent items with support less than
50%, and combine the remaining frequent itemsets pairwise
to generate candidate frequent 2-itemsets (combine the
remaining itemsets by pruning according to step ). At this
point, the first round of iteration ends

(® Enter the second iteration and calculate the support
levels for the generated frequent 2-item sets

@Cut out candidate frequent items with support less than
50%, and combine the remaining frequent itemsets in pairs to
generate candidate frequent itemsets of 3. At this point, the
second round of iteration ends

® Entering the third round of iteration, for the candidate
frequent 3-itemset, calculate the support for each item, trim
out itemsets less than 50%, and finally leave {2,3,5}. At this
point, the number of frequent items is 1, and generating
candidate frequent 4-itemsets is not supported. The iteration
ends.
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3. Empirical Results

3.1. Data acquisition

Air Quality Index (AQI) [4] is a parameter that reflects the
daily air quality. It is calculated based on the measured
concentration values of various pollutants (e.g., fine
particulate matter (PM2.5), respirable particulate matter
(PM10), sulfur dioxide (SO2), nitrogen dioxide (NO2), ozone
(03), carbon monoxide (CO), etc.). The air quality
measurement data are available on the Air Quality Monitoring
and Analysis Platform (AQMA) for each time period.

3.2. Data processing

Due to the presence of some empty values in the obtained
data, it is necessary to process the data. The main processing
methods include: supplementing with the last value,
supplementing with the first value, supplementing with the
average value, and removing all data in the row where the
empty values are located. This article chooses the processing
method of removing all data in the row where the null value
is located. The processing effect is shown in Figure 2 and
Figure 3.



03_24h 03_8h 03_8h_24h CO C
42 10 37 0.7
42 nan nan 0.7
42 nan nan 0.7
42 nan nan 0.7
42 nan nan 0.7
42 nan nan 0,7
42 nan nan 0.5
42 nan nan 0.7
42 nan nan 0.6
42 1 1 0.5
42 4 4 0.5

Figure 2. Pre processing data

03_24h 03_8h 03_8h_24h CO l
42 10 37 0.7
42 1 1 0.5
42 0.5
42 0.5
42 11 11 0.5
35 16 16 0.5

Figure 3. Processed data

In addition, in order to provide the association set for the
Apriori algorithm, further processing of the data is required.
The processing method is to synthesize the data that
continuously changes the variables within the same time
period, and then generate the data set required by the Apriori
algorithm.

START

L

Select one of the
variables

Has there been any change
in the time period
fromitoi+1

»|Generate variable set

Has there been any change
in the time period
from i+1to i+

A

Using the Apriori
algorithm to find
associated variables

Add this variable to
the set

END

Is it all variables

Figure 4. Algorithm flowchart
3.3. Apriori algorithm

Use the Apriori algorithm to find the relevant variables in
the generated correlation set, set the minimum support to 0.01,
and first perform correlation analysis on the data variable set
of one time period
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Figure 5. Correlation Results for Partial Time Periods

As shown in Figure 5, the relationship between AQI and
PM2.5, PM10, NO2, O3 is relatively close. Next, the
minimum support level is still set to 0.01, and data from other
time periods are analyzed. As shown in Figure 6, the
relationship between AQI and PM2.5, PM10, NO2, O3 is still
close.

Figure 6. Correlation results for other time periods

Finally, it can be concluded that AQI is closely related to
PM2.5, PM10, NO2, O3.

4. Conclusion

This paper analyzes air quality test data and explores the
correlation between air pollutants and AQI using Apriori
algorithm to identify the most relevant influencing factors for
the purpose of reducing air pollution. According to the results
of the study, it is necessary to suppress the sources of PM2.5,
PM10, NO2 and O3 generation in order to protect the
environment.
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