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Abstract: Air pollution is one of the deadliest and most important concerns of our era, and it not
only impacts our environment but also our health. The consequences of poor air quality are not
limited to just our lungs or our heart but also our brain and resulting in increased mortality rate of
many countries every year. There are many effluents/pollutants present in the air that are harmful
and cause diseases in humans which eventually lead to an increase in morbidity and mortality.
Therefore, there is a need to identify those factors and evaluate the effect of pollution caused by air
on the health of humans which is a prerequisite for the implementation of policies in preventing
pollution. In this study, we model and evaluate the harmful impact of pollution caused by air on the
health of humans by using a multi-criteria decision-making approach (MCDM). We have proposed a
novel coupled model of the double modified (criteria importance through intercriteria correlation)
CRITIC—technique for order of preference by similarity to ideal solution (TOPSIS) method (DMCTM)
to identify and evaluate the factors of air pollution and its effect on health which overcome the
disadvantage of bias while collecting the subjective data in the traditional TOPSIS method. To get a
clear view of the framework proposed, a case study is conducted based on the methodology proposed
in which we find that Xinxiang is the most polluted city in China among the five studied cities with
SO2 as the major contributor, and the city experienced more pollution levels in 2022 and least in 2016,
whereas there is a slight fluctuation in life expectancy with air pollution in the years 2015 and 2023.

Keywords: air pollutants; MCDM; health; DMCTM; Xinxiang; life expectancy

1. Introduction

The world’s largest problem that affects the environment, as well as our health, is air
pollution. Through extensive studies, we confidently conclude that the activities of humans
and rapid urbanization and industrialization have an adverse influence on the environment.
Despite the great revolution in the fields of science and technology, these revolutions come
up with an adverse impact on the environment in terms of mixing harmful pollutants
into the air which eventually deteriorates the quality of air [1]. Air pollution impacts the
environment and our health [2–4], leading to a rapid increase in the loss of lives, especially
in many developing countries. Long-term exposure to these pollutants in the air causes
many deadly diseases related to the lungs and heart. Rapid urbanization [5], deforestation,
green space shrinkage [6], the interference of humans with nature, and the mixing of
harmful effluents into the air are mainly responsible for air pollution [7–9]. The death ratio
also increases due to the pollution caused by industries and the harmful chemicals released
by them in the air [10]. There are many reports present on air pollution’s impact and the
diseases caused by it. A few of them are given in this paper. According to the Cancer
Prevention II study, conducted by the American Cancer Society in 1982, risk factor data
for roughly five lakh adults were linked with air pollution data from metropolitan regions
across the United States and merged with vital status and cause of death data [3]. The 2019
report of the Lancet Commission on Pollution and Health reveals that around 2.3 million
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premature deaths were due to pollution, including nearly 1.6 million deaths due to air
pollution alone in India and around 9 million deaths globally.

Therefore, there is an urgent need to take steps in controlling and preventing deaths
caused by air pollution. Many steps have already been taken, many policies have been
implemented, and efforts like Pradhan Mantri Ujjwala Yojana [11] was launched by India’s
P.M. in 2016 which helped in shifting rural women to use a cooking gas were made to
control this, and Program for Result (PforR) is used in Jing-Jin-Ji to control the air pollutants
and to support the plan made by the government in air pollution in China. There are
many policies and steps taken but deaths caused by air pollution continue to exponentially
increase every year.

Many scientists have proposed different methods and technologies to control air
pollution [12] but there is a dire need to assess the effect of air pollution on the healthy
lives of humans. Air quality deteriorates day by day due to an enormous number of
factors and pollutants [13] present in the air such as PM10, SO2, NO2, ozone, pH, etc.
The identification of the pollutants and quantifying their contribution to deteriorating
our health is a cumbersome task; therefore, the analytic evaluation of air pollution and
its impact on health can be visualized and modeled with multi-criteria decision making
(MCDM) where with respect to a single objective, we may have multiple conflicting criteria.
The first research study on MCDM was done by Benjamin Franklin in his research on the
moral algebra concept [14]. Since decision-makers find it difficult to choose among multiple
criteria due to subjective perceptions. MCDM helps them to select and rank the alternative
and evaluate the criteria properly [15]. Many case studies have been done in the past by
using MCDM in different forms [16]. There are many well-known methods of MCDM
which has already been used by researchers in different fields including the manufacturing
industry, supply chain, finance, and banking. The methods include the analytical hierarchy
process, data envelopment analysis, case-based reasoning, CRITIC, TOPSIS, WASPAS, and
their hybrids [16,17]. In our study, we look at several different pollutants, AQI (air quality
index), and the health of the people, and the number of people affected the most, and we
use AQLI (air quality life index) here for accounting for the health of the people.

There are a few techniques in MCDM that can be used for the evaluation of the effect
of air pollution. In past research, researchers used different techniques of MCDM; for
example, in Turkey, the air quality monitoring system is evaluated using GRA (grey rela-
tional analysis), and among all the pollutants, found that PM10 is the most important [18].
Thirty European countries are ranked by evaluating the pollutants by the combination of
PROMETHEE and DEA where weights are evaluated with the help of DEA [19]. Even
for green transportation, electric buses are prioritized using the AHP-TOPSIS method in
Ankara [20]. Strategies are prioritized in Iran to reduce greenhouse gases using stepwise
weight assessment ratio analysis (SWARA) technique [21]. Even the effect of the pandemic
on air quality is also analyzed using a fuzzy MCDM model for three cities in India [22].
However, the most reliable technique is the TOPSIS method [8,23]. In this study, we are
using the novel coupled model of the double modified CRITIC–TOPSIS method (DMCTM)
because there are so many pros associated with it when we compare this coupled model
with the other methods. The TOPSIS method is not as affected by the number of alternatives
and it is simpler [24] in terms of implementation as compared to other methods like AHP
(analytical hierarchy process) [25]. However, the main con of TOPSIS is associated with
weight as weights are difficult to determine [26,27] because they are given by the experts
based on their knowledge which somehow results in bias [28]. To avoid this problem
of the TOPSIS method and to eliminate the bias [29] from the decision-maker side, we
used the modified CRITIC method for the evaluation of objective weights [30]. Accord-
ing to previous studies, CRITIC has been used for solving many real-life applications by
combining it with other methods [31,32], but few studies are working with the modified
CRITIC method [33–35]. Rather than just considering the contrast intensity in the entropy
method of MCDM, the CRITIC method [36] considers both the contrast intensity [37] as
well as the relationships that are contradicting in nature [38] which helps in determining the
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initial weights easily and are more reliable than other techniques [39]. Higher weights are
assigned to the criterion with high contrast intensity as well as a high degree of conflicting
relationships [36]. Pearson correlation does not work well in the CRITIC method as it works
with linear data only, and that is why distance correlation is used to overcome this problem.

In this study, we propose a novel double modified CRITIC–TOPSIS method (DMCTM)
to evaluate the impact of air pollution on the health of the people.

The research contribution of this paper is given below:

1. We propose a modified CRITIC method first in which we use logarithmic criteria for
the normalization of criteria/factors taken for the study to make the criteria’s values on
the same scale as the criteria taken are in different units with high variability, and Man-
hattan distance correlation is used to evaluate the non-linear relationships between
the criterion which is not captured by the Pearson’s correlation in the CRITIC method;

2. After evaluating the criteria weights, we aggregate the results and apply the modified
TOPSIS method in which normalization data is taken from the modified CRITIC
normalization table itself to avoid bias. Moreover, instead of first making the weighted
decision matrix, we first calculate the distance from the normalized data and then
multiply it with the weights that we get from the modified CRITIC results, and then
the weighted Euclidean distance is calculated;

3. A case study is done based on the proposed methodology followed by verification
and validation.

The remainder of the paper is as follows: Section 2 provides a brief overview of
different harmful air pollutants with the associated risk. In Section 3, we discuss a few
MCDM techniques. In Section 4, we thoroughly discuss the methodology proposed. In
Section 5, a case study on China is done to implement the proposed methodology. The
conclusions and future work of the research are discussed in Section 6.

2. Air Pollutants and Risks Associated with It

PM2.5, PM10, ground level ozone, carbon monoxide, sulphur oxides, nitrogen oxides,
and lead are the major air pollutants reported by WHO (World Health Organization,
Geneva, Switzerland). They affect not only the air but also our environment, including soil
and groundwater. Children, the elderly, and people with pre-existing diseases are more
vulnerable to air pollution [40]. So, it is important to know more about these pollutants and
how they affect our health and causes deadly diseases. Many researches have shown the
number of cases related to heart and lung diseases increases due to an increase in particulate
matter and ozone. Most of the pollutants penetrate our system and cause heart, lung, and
brain diseases. Ozone protects us from ultraviolet radiation but it is harmful to our health
when it is present in higher concentrations at ground level [1]. A high percentage of carbon
monoxide in the air acts as a poison for healthy people. The list of diseases caused by the
aforementioned substances is very long and includes some deadly diseases such as cancer,
chronic obstructive pulmonary disease (COPD), asthma, and bronchitis [41]. Therefore,
a proper investigation is needed to understand how air quality plays a big role in health
deterioration and increased chances of having these diseases. The summary of some major
pollutants [42] is given in Table 1.
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Table 1. Pollutants, Sources, and Associated Risk.

Pollutant’s
Name Description Sources Associated Risk

PM2.5

Infants and the elderly
are mainly affected. It is
usually found in smoky
areas having a diameter

of 0.0025 mm.

Fire smoke, smoke
released from wooden

heaters,
industrial release

Premature mortality,
diseases related to the
heart or lungs (asthma,
bronchitis), coughing,

chest pain

PM10

PM 10 particles are
present in a dusty area or
where smoke is present

having a diameter of 0.01
mm or smaller.

Dust is present on
roads, release of

harmful affluents from
industries, and smoke

from fire.

respiratory diseases
(asthma and COPD
(chronic obstructive
pulmonary disease),

runny nose, irritation in
eyes.

NO2
It irritates our throat

and lungs.

Vehicles exhaust,
industries, coal-fired

power stations

Respiratory symptoms
like coughing, difficulty

in breathing.

CO

It interferes with the
main parts of the body
like the heart and brain

by reducing the supply of
oxygen.

Odorless gas.

Faulty gas heaters,
Smoke from wood,
burning fossil fuels.

Heart attack, diseases
related to the brain,

headache, dizziness,

SO

Sulfur oxides when
reacting with other

compounds form small
particles which cause

particulate air pollution.

coal-fired stations,
diesel vehicles,

oil refineries

Diseases related to
lungs, shortness of

breath.

Ozone

Both high and low levels
of ozone are harmful to

our health. Main
pollutant in

summer smog.

Smoke from bushfires,
industries,

power stations

Diseases related to the
lungs, irritation

in the throat.

Lead

A soft dense metal which
when exposed in air

causes diseases specially
among

young children.

Mining operation
smelters,

finishing of lead shots,
battery recycliing

Weakness of muscles,
lower IQ in children,

weight loss, abdominal
pain, anemia

3. Review of a Few MCDM Techniques

The purpose of the MCDM is to solve multi-aspect problems by using different
approaches as well as provide tools so that decision makers can make better decisions. This
method is used everywhere and in every field which requires proper structuring while
dealing with multiple criteria in complex problems [16]. During the last few decades, there
were many methods developed or improved by different authors, and each method differs
in terms of complexity in the approach, evaluation of weights of criteria, and aggregation
of data. Table 2. gives an overview of some of the MCDM methods developed in the past.
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Table 2. Overview of MCDM Techniques.

Authors
with Year Method Name Explanation Advantages Disadvantages Area

of Application

Thomas Saaty
(1970)

Analytic hierarchy
process (AHP)

The optimal
solution is

obtained by the
pairwise

comparison matrix
and the data initial

data is given by
the experts based
on the Saaty scale.

Can easily solve
bigger size

problems, high
scalability, an

additional tool is
not required for

the determination
of weights of

criteria,

More complicated
when the number

of criteria and
alternatives

increases,
interdependency

problem.

Health, policy
selection,

environment; for
choosing different
schemes; making

strategies

Kolodner (1993) Case-based
reasoning (CBR)

It uses past data
for making

recommendations.

the method
improves itself
over time and

adapts changes to
the environment.

If the data is
insensitive, it will
create problems.

Transportation,
finance sector,
engineering

design

Hwang and Yoon
(1981)

Technique for
order preferences
by similarity to
ideal solution

(TOPSIS)

The ranking is
based on the
alternative

distance to the
positive and

negative
ideal solutions.

New criteria and
alternatives do not

affect the
procedure of
applying this

method.

Difficulty in the
calculation of

weights,
normalization is
necessary for the

multi-dimensional
problem.

Health,
environment,

education,
management of

resources,
marketing

Ataei et al.
(2020)

Ordinal priority
approach (OPA)

Priorities of the
attributes as well
as the ranking of

the alternatives are
given by the

decision maker. It
is solved in the

form
of LPP.

There is no need
for the creation of

the pairwise
comparison matrix,

Decision, and
normalization

Matrix. Experts
can comment only

on the attribute
and alternatives
for which they

have knowledge.

Biasedness may
occur because of
different expert

views on
prioritizing

the attributes.

Irrigation
planning, logistics,
strategies for the

management
of knowledge

Diakoulaki et al.
(1995)

Criteria
importance

through
intercriteria
correlation
(CRITIC)

The main concept
of this method is
contrast intensity.

Pearson correlation
is used to find the
interrelationship

between the
criteria.

No need to make a
pairwise

comparison matrix
like in other

methods.

It does not work
well with

nonlinear data.

Resource planning,
manufacturer

selection problem,
health policies

Chen Or Lai et al.
(1994) Fuzzy TOPSIS

It is a
distance-based

method. It uses the
theory of fuzzy set

and helps in
accurately solving

more
complex problems.

The judgments do
not depend on the

crisp values.

Difficulty in the
calculation of

weights,
normalization is
necessary for the

multi-dimensional
problem.

Customer
evaluation,

environmental
evaluation,

transportation
problem
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Table 2. Cont.

Authors
with Year Method Name Explanation Advantages Disadvantages Area

of Application

Zavadskas et al.
(2012)

WASPAS
(weighted sum

model + weighted
product model)

It is used for the
ranking of

alternatives by
considering both

positive and
negative

alternatives.

It considers all
types of criteria

and optimizes the
weighted

aggregation
function to
increase the
accuracy of
estimation.

Ranking of
alternatives
changes on

changing λ values.

Portfolio selection,
policy evaluation,

suppliers
evaluation

K. Yang and et al.
(2018),

M.R. Mansor and
et al.

(2014)

AHP + TOPSIS

Weights of the
criteria are

calculated through
AHP and ranking

is done by the
TOPSIS method.

It overcomes the
problem of weight

evaluation
in TOPSIS.

Requires high
computational
power even for

smaller problems.

Machine selection,
selection of

software packages,
defense

P. Saxena et al.
(2022),

C. Wang et al.
(2023)

CRITIC +
TOPSIS

Weights of the
criteria are

calculated through
CRITIC and

ranking is done by
the

TOPSIS method.

It overcomes the
problem of weight

evaluation
in TOPSIS.

Does not work
well with

nonlinear data.

Environment,
health, stress

prediction,
supply chain

4. Proposed Methodology

The effects of air pollution on our health, which cause many diseases like asthma,
cancer, and many respiratory diseases (not only in youngsters but also in infants and the
elderly) and on our surroundings, that is, on the plants as well as on the materials like cars,
homes, and materials leads to the many deaths as shown in Figure 1 [43,44].
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Figure 1. Effects of Air Pollution on Humans and Surroundings.

To overcome the problems as shown in Figure 1 and to minimize the harmful effects of
these on the surroundings and our health, we propose a methodology based on the double
modified CRITIC-TOPSIS method (DMCTM). The prototype of the methodology is shown
in Figure 2.
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The methodology is divided into three phases:
Phase I—Collection and analysis of data (as shown in Section 4.1);
Phase II—Evaluation of weights using the modified CRITIC method (as shown in

Section 4.2);
Phase III—Alternatives ranking using the modified TOPSIS Method (as shown in

Section 4.3).

4.1. Phase I—Collection and Analysis of Data

Air pollution is caused by multiple factors like the burning of fossil fuels, harmful
emissions from industries, usage of harmful products like volatile organic compounds
(VOCs), and subtle burning mentioned by AQI India which interact with the environment
The very first stage is the collection of reliable data on air pollutants, AQI, and AQLI from
trusted sources which may be from the government portal of that city/country or the other
trusted sites. In this study, we are taking air pollutants, AQI, and AQLI of China. After
collecting the data, it is important to filter the data and remove the redundancies for a better
understanding. The clean data is grouped into different clusters based on the features of
whether they negatively impact or positively impact our environment. Negative impact
features (negative criterion) are those features that contribute to causing air pollutants or
which in high concentration pose a harmful threat to the lives of the people and negatively
impact our environment, whereas positive impact features (positive criterion) are those
features which when in high concentration (number) is good for our health or people. In
this study, the pollutants that we are taking as well as the AQI are considered as a negative
criterion, and AQLI is considered a positive criterion.

4.2. Phase II—Evaluation of Weights Using the Modified Critic Method

As the CRITIC method can be used with both types of data, that is, subjective and
objective, to analyze and evaluate the weights [45], and in this study, modified CRITIC
method is used for the evaluation of criteria weights. Here criteria are air pollutants, AQI.
The main feature of the modified critic method is that here during the normalization of the
dataset, we are using the logarithmic criteria as it gives better results than the normalization
procedure that we used in the earlier CRITIC method. Moreover, as the Pearson correlation
works well only with linear data [46], here we are using the Manhattan distance correlation
for the analysis of the criteria relationships. The algorithm of the modified CRITIC method
is as follows:
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1. Data is already collected, filtered, and analyzed in Phase I. Let us consider we are
dealing with r number of pollutants/criteria in s number of regions. So, the matrix of
the Data becomes [Q]s∗r;

2. Normalization of the data: As the criteria are in different units or scales so normal-
izing of data is necessary. After normalization, the value lies between 0 and 1. The
logarithmic procedure is used for the normalization procedure:

For the Criteria that are in favor of our objective, that is, positive criteria normalized
value is given by Equation (1):

NQij =
ln
(

Qij

)
ln
(

∑s
i=1 Qij

) (1)

Similarly, for the negative criteria, we have

NQij =

(
1− ln(Qij)

ln(∑s
i=1 Qij)

)
s− 1

(2)

where Qij is the amount of jth pollutant in the ith region and NQij represents the normalized
value;

3. After normalization, standard deviation is calculated for each criterion which will be
helpful in analyzing contrast intensity [37]. More standard deviation of the criteria
means higher weight associated with the criteria. S.D. is given by the Equation (3):

S.D.j =

√√√√(
NQij −Qj

)2

m− 1
(3)

where Qj is the average value of the jth pollutant;

4. The Manhattan distance correlation matrix is created using the normalization matrix.
As the Pearson correlation deals only with the linear data and does not accurately
calculate the relationship among the criteria, we are using distance correlation. The
process of calculating the distance correlation between the criteria is given below:

• Create a distance matrix for each criterion rj based on the normalized values
attached with all the alternatives taken;

• From the distance matrix, subtract the row and column mean and add the matrix
mean, and this procedure is done with each entry of the distance matrix. In the
final matrix, the row mean and the column mean of the resultant matrix is zero;

• Multiply the resultant matrix element-wise and by taking the average of the
entire matrix, and then the resulting value square root gives the Manhattan
distance covariance of rj and rj′, that is, mdCov (rj, rj′);

• If in the above step, rj = rj′, then mdVar (rj) = mdCov (rj, rj). Similarly, by using
steps (a)–(d), we can calculate other distance covariances and variances;

5. By using the distance covariances and variances, the correlation matrix [37] is given
by Equation (4):

mdcor
(
rj ,rj′

)
=

mdcov
(
rj ,rj′

)
sqrt(mdvar( rj ) mdvar

(
rj′
)
)

(4)

Here rj, rj’ represents the criteria;

6. Analyze the distance correlation matrix and figure out the important and redundant
criteria based on the values of the matrix;
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7. To get deeper insights into our results and to know about the amount of information
each criterion has, the next step is to calculate the information content which is given
by

I.Fj= S.D.j
(
∑m

j=1(1− mdcor
(
sj ,sj′

)
) (5)

8. Calculate the weights of each criterion j using Equation (6).

Wj = I.Fj/ ∑m
j=1 I.Fj (6)

4.3. Phase III—Alternatives Ranking Using the Modified TOPSIS Method

The main reason behind choosing the TOPSIS method is that it is not affected by a large
number of alternatives and is more effective as compared to the other methods of MCDM.
The main differentiation between the TOPSIS and modified TOPSIS is that in the TOPSIS
method, ideal solutions are used to find the distance from the weighted normalized matrix,
but in the modified TOPSIS method, we first find the positive and negative ideal solution
from the normalized matrix, and then the weighted Euclidean distance is calculated to
calculate the relative closeness/farness of a particular alternative from the ideal solution.
The algorithm used in this study is as follows:

1. The normalization matrix data that we evaluated in Phase II using Equation (1) is
taken as a normalization matrix for the MODIFIED TOPSIS method;

2. By using the normalized matrix, we find the ideal solutions by implementing the
following Equations (7) and (8).

I+=
{(

MaxiNQij

∣∣∣ j ∈ r
)

,
(

MiniNQij

∣∣∣ j ∈ r
)}

(7)

I−=
{(

MiniNQij

∣∣∣ j ∈ r
)

,
(

MaxiNQij

∣∣∣ j ∈ r
)}

(8)

3. After finding the negative and positive ideal solution, we find the weighted Euclidean
distance, and the weights that are used here are taken from the results of the modified
CRITIC method. The distance is given by Equations (9) and (10):

ED+
i =
√∑r

j=1 Wj

(
NQij − I+j

)2
(9)

ED−i − =
√∑r

j=1 Wj

(
NQij − I−j

)2
(10)

4. The relative distance of each alternative from its ideal solution is calculated by Equa-
tion (11):

Ci
+ =

ED+
i

ED+
i + ED−i

; Ci
− =

ED−i
ED+

i + ED−i
(11)

Here Ci
+, Ci

− represents the degree of closeness/farness that each alternative matches
with the criteria.

5. Case Study

In this paper, we choose the dataset of China, more specifically, we take the dataset of
the five most polluted cities of China in terms of air pollution from the years 2015 to 2023,
which are Xinxiang, Shanghai, Tianjin, Beijing, and Guangzhou. Data on these cities is
taken from the “Air Quality Open Data Platform” [47], WHO, and Energy Policy Institute
at the University of Chicago (EPIC). Five pollutants, CO, NO2, PM10, PM2.5, and SO2, are
taken in this study according to the GB3095-2012 standard of China [48].

We apply our proposed model to assess the impact of air pollution on the health of the
people. The flow chart of the case study evaluation is given in Figure 3.
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The steps followed during the case study are as follows:

1. Identification of the criteria and alternatives for evaluating the case study. CO, NO2,
PM10, PM2.5, SO2 pollutants are taken as criteria which are already discussed in Table 1,
and in addition to this, AQI (air quality index) is used for evaluating and identifying
the quality of air currently and also used in forecasting the air quality and AQLI (air
quality life index) which eventually uses the concentration of air pollutant to know its
impact on the life expectancy are also taken as criteria. The alternatives information
is given in Table 3. The control of air quality in these megacities has enormous
implications for the upcoming development of other Chinese megacities [49].

Table 3. Description of Alternatives.

Name of
the Alternatives Description

Xinxiang

Xinxiang (35.18N, 113.52E), in the North China Plain, is approximately
111 km south of the Jing-Jin-Tang region and 80 km north of Zhengzhou.
One of the fastest industrializing regions with rapid growth in economy

and population which leads to an increase in motor vehicles which in
turn increases pollution.

Shanghai

Shanghai has a population density of 3816 persons per km2 and a
population of over 24 million people. With a GDP of 3.81 trillion RMB, it
is located in the Yangtze River Delta, a significant financial and cultural

center of the country. It is a vital transportation hub for railways,
roadways, and air traffic, as well as a large port on the East China Sea.

Tianjin
Tianjin is a major industrial city in the Beijing-Tianjin-Hebei region, as

well as one of China’s largest open coastline cities. In recent years, it has
also suffered from poor atmospheric conditions.

Beijing

Beijing, China’s capital, is located northwest of the Beijing-Tianjin-Hebei
region. With the fast rise of industrialization, urbanization, and

motorization in recent decades. Beijing’s energy consumption and the
resulting numerous pollutant emissions were rising year after year,
wreaking havoc on air quality, human health, and the ecosystem.

Guangzhou The PRD region, which includes Guangzhou, is distinguished by export
processing businesses as well as finance and other service industries.
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2. Collection and filtration of data on air pollutants, AQI, and AQLI of five different
cities of China that are mentioned above from the years 2015 to 2023.

5.1. Ist Iteration

• Creation of the normalized matrix for each year by using the equation of the modified
CRITIC method which is shown in Table 4. As CO, NO2, PM10, PM2.5, SO2, and
AQI are negative so we are using the logarithmic procedure of normalization for the
negative criteria. Table 4 and the subsequent tables below are based on the data from
the year 2015;

Table 4. Normalization Matrix (Year–2015).

Cities/Criteria CO NO2 PM10 PM2.5 SO2 AQI

Xinxiang 0.101108 0.086303 0.054325 0.054102 0.061883844 0.07512127
Shanghai 0.121268 0.086015 0.078389 0.064908 0.120547716 0.05668565

Tianjin 0.086429 0.091196 0.062825 0.059655 0.079712187 0.05493764
Beijing 0.099431 0.07988 0.065816 0.06023 0.113861987 0.05512783

Guangzhou 0.110895 0.087342 0.087126 0.072958 0.137641371 0.05936595

• Calculate the distance correlation matrix which is shown in Table 5 by using Equation
(4). As there is a high distance correlation between the CO–PM10 and similarly between
PM10–PM2.5, PM10–SO2, and PM2.5–SO2 which means there is a strong redundancy
between these criteria;

Table 5. Distance- Correlation Matrix (For Year 2015).

CO NO2 PM10 PM2.5 SO2 AQI

CO 1 0.691297 0.849997 0.781232 0.751138076 0.50576949
NO2 0.691297 1 0.517252 0.495016 0.576059736 0.46127487
PM10 0.849997 0.517252 1 0.981398 0.912463088 0.7203802
PM2.5 0.781232 0.495016 0.981398 1 0.885899801 0.75136965
SO2 0.751138 0.57606 0.912463 0.8859 1 0.74280719
AQI 0.505769 0.461275 0.72038 0.75137 0.742807191 1

• S.D. is calculated to analyze the contrast intensity which is shown in Table 6. The
greater the S.D., the greater the contrast intensity which means SO2 followed by CO
and PM10 has high contrast intensity;

Table 6. S.D. of each criterion.

CO NO2 PM10 PM2.5 SO2 AQI

S.D. 0.013073 0.004069 0.013018 0.007051 0.031058107 0.00850145

• Information content as well as the weights of each criterion is calculated using an
equation which is shown in Tables 7 and 8. From the weights, we can say that SO2 is
causing more pollution than the other criteria in 2015;

Table 7. Information Content Table.

CO NO2 PM10 PM2.5 SO2 AQI

Information
Content 0.018570411 0.009193 0.013259349 0.007792 0.035146 0.015459029
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Table 8. Weights of each criterion (2015).

CO NO2 PM10 PM2.5 SO2 AQI

Weights
(In %) 18.68 9.25 13.3 7.84 35.35 15.5

• The criteria weights for each year are given in Table 9. By analyzing the weights, we
can easily find the most contributing pollutant causing air pollution;

Table 9. Weights table for each year (2015—2023).

Weights
(In %) 2015 2016 2017 2018 2019 2020 2021 2022 2023

CO 18.68 28 17.8 21.3 14.71 20 11.1 18.88 21.78
NO2 9.247 13.8 14.9 7.17 7.477 8.81 9.95 7.551 20.89
PM10 13.34 13.8 15 16.1 8.189 12.3 9.58 18.43 11.59
PM2.5 7.837 4.76 6.41 4.88 4.763 6.75 5.28 8.48 6.24
SO2 35.35 37.7 43.8 49.1 63.32 49.9 58.8 44.55 37.57
AQI 15.55 1.89 2.09 1.51 1.535 2.22 5.32 2.109 1.927

• The modified TOPSIS method is applied to rank the cities of China to find out which
city is more polluted;

• Normalization matrix created in the modified CRITIC method is taken for this and
from this normalized matrix, we have evaluated the positive and negative ideal
solutions by Equations (7) and (8) shown in Table 10;

Table 10. Ideal Solutions.

CO NO2 PM10 PM2.5 SO2 AQI

I− 0.12126819 0.091196 0.087126336 0.072958 0.137641 0.075121274
I+ 0.086428983 0.07988 0.054325038 0.054102 0.061884 0.054937636

• After evaluating the ideal solutions, we need to calculate the weighted Euclidean
distance by Equations (9) and (10) from the weights that we calculated in step (d). The
Euclidean Distance is shown in Table 11.

Table 11. Euclidean Distance (Weighted).

Weighted Euclidean Distance ED+ ED−
Xinxiang 0.007266 0.022075
Shanghai 0.021699 0.005699

Tianjin 0.005045 0.02185
Beijing 0.014622 0.012406

Guangzhou 0.022898 0.00525

• The relative distance of each city from its ideal solution is calculated. As all criteria are
negative criteria so we need to maximize the distance from a particular alternative.
Ci
− for Xinxiang, Shanghai, and Tianjin and Beijing are 0.7523, 0.2080, 0.8124, 0.4590,

0.1865 respectively. Moreover, we can see from here that Tianjin is on rank 1 and
Xinxiang is on rank 2 followed by others;

• The ranking of the cities for each year is shown in Table 12. From this, we can see that
Xinxiang is on rank 1 from the year 2016 to 2023 which means Xinxiang is the most
polluted city in China.
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Table 12. Ranking of all cities (2015–2023).

Cities/Rank 2015 2016 2017 2018 2019 2020 2021 2022 2023

Xinxiang 2 1 1 1 1 1 1 1 1
Shanghai 4 5 5 3 4 4 4 4 4

Tianjin 1 3 2 2 2 2 2 2 2
Beijing 3 4 3 5 5 5 5 5 5

Guangzhou 5 2 4 4 3 3 3 3 3

5.2. IInd Iteration

From the first iteration, we can observe that Xinxiang is the most polluted city so now
by taking Xinxiang city, we evaluate the effect of these pollutants on our lives by taking the
pollutants, AQI and AQLI as the criteria.

• For evaluating the effect of this, repeat steps (a)–(j) of Ist Iteration. As AQLI is the
positive criterion so we are using the logarithmic positive criteria for the evaluation;

• The normalization matrix of both with AQLI and without AQI is shown in Tables 13 and 14.

Table 13. Normalization Matrix for Xinxiang (2015–2023) (with AQLI).

CO NO2 PM10 PM2.5 SO2 AQI AQLI

2015 0.060952 0.050773 0.037982 0.035838 0.040296 0.044905 0.231218
2016 0.054615 0.052844 0.038334 0.036963 0.039357 0.034979 0.336427
2017 0.051752 0.050302 0.040748 0.037856 0.050399 0.035488 0.281072
2018 0.057472 0.05265 0.042146 0.038884 0.060932 0.035835 0.251629
2019 0.062559 0.050018 0.041772 0.038759 0.072066 0.035835 0.223001
2020 0.06398 0.049932 0.041306 0.037984 0.074427 0.035488 0.205586
2021 0.063844 0.053254 0.04372 0.040679 0.078625 0.04306 0.203606
2022 0.069988 0.063641 0.046315 0.042556 0.083189 0.037111 0.194428
2023 0.062384 0.059265 0.041369 0.037375 0.077293 0.035317 0.188641

Table 14. Normalization Matrix for Xinxiang (2015–2023) (without AQLI).

CO NO2 PM10 PM2.5 SO2 AQI

2015 0.060952 0.050773 0.037982 0.035838 0.040296 0.044905
2016 0.054615 0.052844 0.038334 0.036963 0.039357 0.034979
2017 0.051752 0.050302 0.040748 0.037856 0.050399 0.035488
2018 0.057472 0.05265 0.042146 0.038884 0.060932 0.035835
2019 0.062559 0.050018 0.041772 0.038759 0.072066 0.035835
2020 0.06398 0.049932 0.041306 0.037984 0.074427 0.035488
2021 0.063844 0.053254 0.04372 0.040679 0.078625 0.04306
2022 0.069988 0.063641 0.046315 0.042556 0.083189 0.037111
2023 0.062384 0.059265 0.041369 0.037375 0.077293 0.035317

The ranking for each year with and without AQLI is given in Table 15. From Table 15,
we can conclude that in the year 2022, Ci

− has the lowest value (with and without AQLI)
which means in the year 2022, we have experienced serious air pollution along with the
negative effect of this on life expectancy. Moreover, in the year 2016, we have the least
amount of air pollution along with an increased life expectancy than other years taken for
the study. In 2021 we can see that there is an increase in life expectancy if the quality of the
air improves. Moreover, if we compare the last three years then we can say that the quality
of the air improves along with the life expectancy which is due to the steps and policies
made by the Chinese government.
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Table 15. Ranking for each Year (From 2015–2023).

Ci-(with AQLI) Ranking Ci-(without
AQLI) Ranking

2015 0.33388421 4 0.758121423 3
2016 0.97357736 1 0.919158752 1
2017 0.638267 2 0.794670799 2
2018 0.43769878 3 0.561303803 4
2019 0.24176959 5 0.328458647 5
2020 0.13399072 6 0.279261706 6
2021 0.11606656 7 0.206971165 8
2022 0.04221192 9 0.08048887 9
2023 0.07419227 8 0.252765256 7

6. Conclusions

Air pollution has an adverse impact on the environment as well as on the lives of
humans directly by causing numerous incurable diseases which not only deteriorate our
health but also decrease our life expectancy. Due to continuous increment in this, life
expectancy decreases year by year. Therefore, there is an urgent need to check on this
and take immediate steps which help in controlling this disaster. Since most of the earlier
research models and evaluations are based on the domain experts’ views that may be
biased based on different views, it is necessary to propose a model which reduces the effect
of this bias and gives us more accurate and reliable results.

In this study, we propose a novel MCDM model double-modified CRITIC–TOPSIS
method in which we take the objective data for our evaluations. It is difficult to deal with
the subjective data in the TOPSIS and, therefore, we are using the modified CRITIC along
with them. All of us know air pollution is bad for our health but we cannot control them in
the blink of an eye from the entire country. We need a proper mechanism so that we can
control them in a step-by-step manner. Controlling the pollution from the entire country is
very difficult so we try to develop a mathematical framework to analyze and evaluate the
factors causing air pollution. We apply our framework to the five cities of China and take
the data of the pollutants, AQI, AQLI from the years 2015–2023 and find out the following:

1. We first find the cities in China where people are more prone to the effects of this
deadly pollution. We have taken five cities, that is, Xinxiang, Shanghai, Tianjin, Beijing,
and Guangzhou, and among them, Xinxiang is the city that is most prone to this;
therefore, by doing the Ist iteration of our model and along with that we also get the
weights of the pollutants which are causing air pollution;

2. Moreover, from the IInd iteration, we see that in 2022, Xinxiang experienced the
highest air pollution and in 2016, the lowest air pollution which in turn means that
life expectancy increases with the improvement in air pollution;

3. But it is not always mandatory that whenever air pollution increases, life expectancy
decreases as we can see in the years 2015 and 2023 as life expectancy also depends on
many factors like the lifestyle of people and genetics other than the environmental
impact.

We concluded from our results that air pollution scores fluctuate over time, and we
can say that there are some points where life expectancy increases along with air pollution
which is because of the effective measure taken by the government as well as by the people
for living a healthy life, and pollution can be controlled by using correct technologies,
enforcing policies which help in the reduction of pollution, as well as adjusting industry
work will help to reduce air pollution and support sustainable urban growth. As each
MCDM methodology has some advantages and disadvantages. One of the limitations of
this study is that the AQLI data is available only for the particulate matter and not for the
other pollutants. If AQLI of other pollutants is taken then it will give a more concise result.
Moreover, statistical tests can be applied to validate the proposed methodology. One of
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the future works that we can do is to predict the upcoming year’s life expectancy and AQI
using the combination of MCDM and machine learning algorithms.
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