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Introduction: The present work addresses the temporal characteristics of air
pollution in Delhi and the surrounding five cities during the years 2019 and
2020. Further, we have addressed the hypothesis whether air pollution of a
particular city is affected by its neighboring cities.

Materials and methods: To test the hyopthesis we have used the Granger
causality test to detect the causal relationship (feedback) between the air
pollution of Delhi and its neighbouring cities. Initially we have checked
whether the Air Quality Index (AQI) time series are stationary and integrated
of the same order. This involved employing a unit root test, specifically
Augmented Dickey Fuller (ADF) test followed by Granger causality test.
Results: From the descriptive statistical analysis, it is observed that there is a
significant reduction in the air pollution across six cities during the year 2020.
From causality network, it is observed that bidirectional and unidirectional
causal links exists for 2019 and only unidirectional causal links exists for
2020. Air pollution of Delhi is strongly influencing the air pollution of
Gurugram city in the year 2019 evident from the higher values of Indegree
(0.7) for Gurugram city and high value of outdegree (0.85) for Delhi city.
Unidirectional causal links observed from Gurugram city in 2020, whereas
unidirectional causal links observed from Delhi, Gurugam and Lucknow
cities in 2019. Network in 2020, consists of lesser number of causal links
(5), in comparison to the network in 2019, that comprises of more number of
causal links (12) that indicates the impact of lockdown on air quality due to
COVID-19.

Conclusion: Air pollution of highly polluted cities affects the cities with low
air pollution. Present work helps the policymakers to implement the effective
mitigation and measures to control the air pollution at regional scale.

Introduction

Worldwide increase in the concentration of

and drags over the economic development of a
country [1-3]. According to World Air Quality
report in 2019, six out of top ten worlds most
populate cities are located in India and India

surface air pollutants is a major concern for
the scientific community. Increasing pattern
of surface pollutants spoils the quality of air
which creates a serious impact on human health

was the fifth most populted country in the world.
This ranking is based on the comparison between
the concentration of major air pollutants and
particulate matter levels at the surface as per
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report by World Health Organisation (WHO)
[4]. According to the WHO report, Gurugram
is the most polluted city in the world followed
by Faridabad, Patna, Lucknow, Delhi, etc. Air
quality of Gurugram city is 17 times lower than
the prescribed safe limits by WHO. Major factors
which spoil the air quality of Gurugram city, are
the running of diesel generators for electricity
production, vechicular emissions, pollution
from construction sites, emissions from thermal
power plants and industries. Growing threat of air
pollution has an adverse effect on health and its
long term exposure increases the risks of various
diseases such as asthma, lung cancer and heart
attacks etc. Control of such ambient air pollutants
associated  with the rapid urbanization and
industrilizations in developed countries is a major
concern [5-7]. From the past years, it is observed
that air pollution over Delhi city is rapidly
increasing due to the increase in the transport and
industrial activities in comparision to the other
cities [8]. Vechicular emisions are the significant
contributor to the particulate matters PM, , and
PM,, concentration in Delhi reported by a study
[9]. The concentration of the primary pollutants
such as Nitrogen dioxide (NO,) and particulate
matter monitored by air quality monitoring
stations claims that the air pollution of Delhi is the
worst degraded from the past and is much higher
than the permissible limits [10]. According to a
study by researchers, vehicular emissions and
industrial activities affect the indoor and outdoor
air pollution of Delhi city [10]. Other factors such

as the burning of crops in neraby cities (Haryana
and Punjab), and an increase in the concentration
of particulate matter from construction activities
and emissions from thermal power plants are
degrading the air quality in Delhi. Determining
the cause and exposure of pollution levels of a city
is important to take some mitigative measure and
steps to control air pollution [11]. To determine
the air pollution of an area, the concentration of
air pollutants is measured over a standard interval
of time to provide the level of pollution in that
particular area. The level of air pollution in a
city, is mainly defined by the Air Quality Index
(AQI), and the air quality standard decided by the
pollution control board of a particular country.
The AQI level of a particular city tells us the
pollution level of that particular city. AQI level
is determined by the eight criteria pollutants such
as Particulate Matter (PM,, and PM, ), Ozone
(O,), Nitrogen dioxide (NO,), Sulphur dioxide
(S0,), Carbon monoxide (CO), Ammonia (NH,)
and Volatile Organic Carbons (VOC’s) [12]. The
higher the level of AQI, the greater level of air
pollution in that particular city and it is a major
concern for health.

Air quality index of a particular city is computed
based on the minimum three criteria pollutants,
in which one of the particulate matter pollutants
(PM, , or PM, ) is mandatory.

Table 1 shows the air quality standard levels in
India according to the Central Pollution Control
Board (CPCB).

Table 1. Air quality standard levels in India according to the CPCB

Air Quality Index (AQI)
0-50
51-100
101 - 200
201 - 300
301 - 400

401 - 500

Category
Good
Satisfactory
Moderate
Poor
Very poor

Severe
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National Ambient Air Quality Standards
(NAAQS) tests the ambient air quality set by
CPCB [13]. AQI is mainly determined using
the concentration of eight criteria pollutants
and then converted into a number or scale to
measure the level of air pollution, and this
calculated number is termed as sub-index which
is AQI [14]. Very few studies have explored the
causal relationship between the air pollution of a
particular city with the health-related hazards and
economic indicators across urban cities [15-20],
but none of the studies explore the influence of
air pollution of one city on another city in India.
Considering this research gap in the present
work, we have used the AQI data of Delhi along
with its neighbouring and far cities to quantify
whether the air quality of Delhi city perturbs the
air pollution of neighbouring and far cities using
the Granger causality method. The advantage of
using the Granger causality method is that the air
pollution of a particular city can be explained by
the past air quality status of another city which
implies that air pollution of one city causes air
pollution of another city. We have considered
only four months of the summer season (March
to June) for both years to compare the behaviour
of causality networks and to investigate the
impact of lockdown on air quality in urban cities
that results from COVID-19. Granger causality
method has proven its potential in the climate
system such as anthropogenic activity and
climate interactions [21, 22]. The main objective
of the present analysis is to understand the causal
relationships between the air pollution of Delhi
and other cities using the Granger causality
network and to analyse the behaviour of the
causality networks for the year 2019 and 2020.

Materials and methods

In the present work, we have used the air quality
data from the Centre for Pollution Control Board
(CPCB) for a period of four months March—June
for two years 2019 and 2020. Daily values of the
air quality index (AQI) for six stations (Delhi,

Gurugram, Lucknow, Jaipur, Chandigarh and
Amritsar) from Kaggle (online community that
allows users to find the dataset, publish datasets,
cloud based online platform for data science and
Al education) that is publicly made available by
CPCB have been utilized to investigate whether
the air pollution of one city may influence the
air pollution of its neighbouring cities and vice
versa. We have used the granger causality test to
detect the causal relationship (feedback) between
the air pollution of Delhi and its neighbouring
cities during the year 2019 and 2020. Our main
aim is to investigate the behaviour of air pollution
over these cities during both the years by means
of a causality network. Here in the present work,
we have considered the air quality data at the city
level rather at a particular station from CPCB.
Before applying Granger causality test, the first
step is to investigate whether the time series of
AQI is stationary or not. Hence, we have used the
Augmented Dickey Fuller (ADF) test to test the
stationarity and then we have applied the Granger
causality test over the AQI time series for both
years to construct the causality network. Fig. 1
shows the illustration for the location of Delhi
city and its neighbouring cities considered in the
present work to investigate the causal relationship
between air pollution of these urban cities. The
focusofthe study areais Delhi and itsneighbouring
cities with an aerial distance less than 500 Km.
Delhi city is bordered by Haryana on three sides
and by Uttar Pradesh in the east. It is located at
North Latitude from 28.24-28.53 degrees and
East longitude from 76.50-77.20 degrees. Delhi
covers an area of 1483 Km? of which 1114 Km?
designated as urban area and 370 Km? as rural
[23]. According to the data compiled by IQAir
Air Visuals 2019 World air quality report [24],
six Indian cities are in top ten out of which Delhi
is one of the most polluted city with worst level
of air pollution. Delhi capital territory of India is
one of the major industrial region and contributes
to the economic development of the country.
Despite of the economic achievement from the
last few years Delhi placed one of the highest
polluted metropolitan cities in the world [25]. Air
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quality data from CPCB used in the present work
can be downloaded from the following link [26].
Air quality data which is used in the present work
compiled from the CPCB website [27], with
temporal coverage from 2015-01-02 to 2020—
07-28. For AQI calculation, the prepared AQI
dataset uses 7 criteria pollutants PM,,, PM,,

SO,, NOx, NH,, CO and O,. For PM, , PM |,
SO,, NOx and NH, average value in the last 24
h is used with the condition of having at least 16
values. For CO and O, the maximum value in the
last 8-h is used. Further each measure undergoes
conversion into a Sub-Index according to
predefined groups. Final AQI is computed based
on considering the maximum Sub-Index while
adhering to the condition that at least one of PM, |
and PM, must be available and a minimum of
three out of seven criteria pollutants should be
present. For more details for the calculation of
AQI please refer to the link [26].

Testing examined time series for stationarity

The primary condition for the Granger causality
test is to investigate whether all the variables are
stationary and integrated of the same order. In
the present work, we have tested the AQI data
for stationarity using the unit root test method as
Augmented Dickey Fuller (ADF) test proposed
by Dickey and Fuller [28]. ADF test is applied
over the AQI time series for six urban cities during
both years for testing the null hypothesis which
examined whether the time series has unit roots
that indicate the stationarity or non-stationarity.
ADF test comprises three types of assumptions,
namely no intercept and no trend refer to Eq. 1,
intercept (Eq. 2) and intercept and trend (Eq. 3)
[29].

AY, = 0Y 1 + XL AAY g + 1y (1)

Here Y, is the time series at time t, A denotes the
first difference, p is the error term with mean 0
and a variance o>.

AY; = o+ 6Y_ 1 + X1 MAY g + 1y (2)

Here o denotes the intercept term.

n
AYt = O(+ Bt"’ eYt_l + Z)\iAYt_l + ui (3)

i=1

Here 3 denotes the time trend: Null hypothesis of
ADF testis H : 0 = 0; and the alternate hypothesis
isH:0<0.

Granger causality network

To investigate the causal relationship between air
pollution of six cities we have used the Granger
causality test proposed by Granger [30]. The
Granger causality method is used to investigate
whether one time series can be a cause for
another and vice-versa, with an optimized lag
with minimum Bayesian Information Criteria
score (BIC) [31]. Granger causality method is
used to analyse the numerical time series based
on a statistical hypothesis test to find out if one
variable affects another from its immediate past
and the adding lagged values of one variable can
enhance the explanation. The Granger causality
method is described by following equations [29].

Yt= o+ XL, ajYt—j+ X1 BjXt—j + elt (4)
Xt= 2o+ X1, §jXt —j+ X, wjyt—j + 2t (5)

Null hypothesis in the first regression equation is
that “X” does not granger cause “Y”. Similarly,
null hypothesis in the second regression equation
is that “Y” does not granger cause “X”. A tool
that helps to judge the granger cause is the F-test.
The null joint hypothesis is given as.

HO: B1 = P2 = - =P =0, 01 = 02 = === =on=0 (6)

There is no Granger causality.

On the other hand, the alternative hypothesis is
given as

H1: At least one Pm or ®m # 0 (7)
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There is dependence between both direction from
XtoYandY to X.

We have analysed the influence of cause-and-
effect relationship of air pollution of urban cities
using the structure of granger causality network.
Here we have defined AQI as nodes and the
significant granger causality between the AQI
as links (significant at 10% confidence interval
as sample size is very small). Granger causality
network for the air pollution may be indicated by
an adjacency matrix G shown in Eq. 8 and

causality
Eq. 9.
(8)
0 causl,2 ... causl, k
Gcausality: (Ncausality, Lcausality) = cau:52,1 0 Cau?Z' k
causk, 1 causk, 2 ... 0
Where N . is the node set and L is the
causality causality

links set, caus, indicates whether air pollution of
1 Granger cause air pollution of j.

©)

1  air pollution of i Granger cause air pollution of j significantly
0 there is no significant Granger causality

caus; J:{
Granger causality gives the direction of the
perturbation or direction of the coupling between
coupled pairs in the network. Thus, Granger causality

network is the directed and unweighted graph.
Results and discussion

Descriptive statistics analysis

To investigate the variation in the concentration of
air pollution over six cities during the year 2019
and 2020 we have computed the mean AQI and
percentage change in the AQI values. Descriptive
statistics analysis enables to understand the variation
in the air pollution among six cities and allows us to
understand the influence of lockdown on noteworthy
alterations in urban air quality. But before descriptive
statistical analysis, we had simply plotted the time
series for daily AQI values across six urban cities
during the years 2019 and 2020 to investigate the
fluctuating patterns in the AQI time series. Fig. 2
shows the comparison of the time series of daily
AQI values for a period of four months March—June
during the years 2019 and 2020 across six cities.
Here we have used the short abbreviation to describe
the city’s name DL for Delhi city, GU for Gurugram
city, JP for Jaipur city, LK for Lucknow city, AMR
for Amritsar city and CH for Chandigarh city which
were consistent throughout the study. Due to the
limitation of the availability of the ground-based
dataset for AQI we have only considered duration of
four months for all six urban cities.

35
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,“' ~~_  Major Factors - "k
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degraded air
\,l quality
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Fig. 1. Illustration shows the location of six cities in India.
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Fig. 2. Time series plot for daily AQI values during the year 2019 and 2020 for a) Delhi city (DL); b) Gurugram
city (GU); ¢) Jaipur city (JP); d) Lucknow city (LK); e) Amritsar city (AMR) and Chandigarh city (CH)

From Fig. 2 it is clearly observed that the daily
AQI values across six urban cities during the
year 2020 is very low and close to the baseline
as per the CPCB Air quality standard which
is highlighted with a black dashed straight
line over time series plots. AQI indicates how
clean or polluted air near our surroundings as
per the air quality standards AQI levels below
are satisfactory and above 100 is harmful to
human health. From the time series plot, it is
observed that the impact of the lockdown is
clearly noticed across the six urban cities as
AQI level during the year 2020 is below or just
near 100 indicates the significant difference

in the air pollution during the year 2019 and
2020.

Fig. 3a shows the comparison in the mean
AQI across six cities for the years 2019 and
2020. From Figure, it has been observed that
the mean AQI over Delhi, Gurugram and
Lucknow cities is very high indicates the poor
quality of air quality standard across these
cities during the year 2019. During the year
2020 influence of lockdown across these cities
is clearly visible from the low values of mean
AQI. Fig. 3b shows the percentage change in
the concentration of air pollution across these
cities.
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Fig. 3. a) Mean AQI values across six cities during March to June for 2019 and 2020; b) Percentage change in the
magnitude of AQI values during the year 2020 across six cities

The Figure illustrates a notable and substantial
reduction in the AQI values for the year 2020,
with reductions of 38% in Chandigarh, 23% in
Delhi, 26% in Lucknow, and 20% in Gurugram.
During the year 2020 mean AQI values for
Delhi, Gurugram and Lucknow cities shows
the moderated level of air Quality standard less
than 150. For Chandigarh and Amritsar mean
AQI value during the year 2020 is below 100
that indicates the satisfactory level of air quality
standard across these cities. A study by [32]
reported that on an average of 30-40% reduction
in AQI is observed over the northern, western and
southern India that indicates the substantial effect
of lockdown on the reduction in the deterioration
in air quality over India. Several studies from the

past [33-36] also found the significant reduction
in the AQI over India using satellite and ground
based monitoring observations.

Variations in the daily values of AQI during the
years 2019 and 2020 were analysed using Box
and Whisker plot as shown in Figure 4. Box
and whisker plot generated based on the mean,
median, first quartile, third quartile, the range
within 1.5 times the interquartile range for the
daily AQI values across six cities. Variability
in the AQI values during the years 2019 and
2020 can be observed from the width of the
box plot, from figure it has been observed that
the variability in the daily AQI values is higher
during the year 2019 across Delhi, Gurugram,
Lucknow and Chandigarh cities.
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Fig. 4. Box and whisker plot for daily AQI values across six cities for 2019 and 2020
Table 2. Results of Descriptive statistics for AQI across six cities
Year 2019 Year 2020
Cities Mean STDEV Max Min Mean STDEV Max Min
DL 212.65 57.82 390 102 130.99 38.96 238 51
GU 195.62 73.15 395 58 128.28 29.34 208 59
JP 129.88 47.89 457 78 98.76 24.08 199 52
LK 196.86 56.26 336 95 114.28 43.11 252 63
AMR 107.63 33.96 244 46 80.68 41.70 478 41
CH 134.51 67.84 335 44 60.40 20.20 130 26

Variability in the daily AQI values during both
years can be clearly evident from the values of

standard deviation for AQI values across six cities
listed in Table 2.

Difterences in the variability for the daily AQI
values during the years 2019 and 2020 across six
cities along with the mean AQI value, maximum
and minimum AQI values are listed in Table 2
and may be evident from Fig. 4. The magnitude
of decrease in daily AQI value is higher for
Chandigarh city with a median of 60.5 during
the year 2020 and 109.5 during the year 2019.
For Delhi and Gurugram cities the magnitude of

decrease in AQI is also very high with median
values 126, 127.5 during the year 2020 and 206.5,
186.5 during the year 2019. From figure 4 it is
clearly observed that air pollution across six cities
gets reduced during the year 2020 evident from the
decrease in the magnitude of AQI values across
these cities. Low values of daily AQI values across
six cities indicates the influence of lockdown in
India due to amid COVID-19 Pandemic on air
quality of these cities indicates the improvement
in the air quality. The results showed that the air
quality in 2020 relatively improved as compared
to the previous year air quality.

http://japh.tums.ac.ir



Journal of Air Pollution and Health (Autumn 2023); 8(4): 453-470 461

Table 3. Results of unit root test for AQI time series

Cities ADF-2019 ADF-2020
DL -12.71 -6.67
GU -5.57 -6.48
JpP -19.07 -5.27
LK -12.88 -6.70

AMR -7.93 -9.34
CH -5.86 -5.82

Unit root test results

Results for the ADF test for both years are
listed in Table 3. From the unit root test it has
been observed that the time series for AQI
value for all cities were stationary at a 10 %
significance level. The overall result of the unit
root test indicates that the AQI times series for
all cities are stationary at the first difference,
thus we conclude that AQI values for all cities
are stationary at [ (1) which is first difference.
As null hypothesis is strongly rejected the t
statistics value across all the cities during both
years is less than the critical t value at a 10%
significance level.

Granger causality networks for the year 2019
and 2020

In the present work we have paid more emphasize
on the causal relationship between air pollution
of six cities using Granger causality method.
Before discussing the causal relationship
between AQI across six cities we analysed the

10% Level P value Result
-3.134 <0.1 Stationarity
-3.134 <0.1 Stationarity
-3.134 <0.1 Stationarity
-3.134 <0.1 Stationarity
-3.134 <0.1 Stationarity
-3.134 <0.1 Stationarity

correlation between AQI values across six cities
by calculating Pearson correlation coefficient.
Table 4 and Table 5 give the Pearson correlation
coefficient between AQI values across six cities
during 2019 and 2020. The correlation coefficient
provides a measure of how close the AQI time
series are. Higher value of correlation coefficient
for AQI values between Delhi and Gurugram city
during both years indicates that Delhi air quality
is closely related to the air quality of Gurugram
city. Higher values of the correlation coefficient
are also observed between air quality of Delhi
city with air quality of other cities without
borders with Delhi city (Jaipur and Lucknow)
which is significant at a 10% significance level
during the year 2019. During the year 2020
significant correlation coefficient values for air
quality were also observed between Delhi and
other cities without borders (Lucknow, Jaipur
and Chandigarh) except with Amritsar city. High
positive correlation between Delhi and Gurugram
city reveals a similarity in the level of air pollution
during both years 2019 and 2020.
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Table 4. Correlation coefficient between AQI of six cities for the year 2019

DL GU JP
DL 1 0.664874 0.355823
GU 0.664874 1 0.441163
JP 0.355823 0.441163 1
LK 0.538434 0.278902 0.12222
AMR 0.2686705 0.484604 0.100746
CH 0.1691007 0.08615 0.032772

LK AMR CH
0.538434 0.2686705 0.1691007
0.278902 0.484604 0.08615
0.12222 0.100746 0.032772

1 0.175525 0.215339
0.175525 1 0.334814
0.215339 0.334814 1

Table 5. Correlation coefficient between AQI of six cities for the year 2020

DL GU JP
DL 1 0.796461 0.458833
GU 0.796461 1 0.560607
JP 0.458833 0.560607 1
LK 0.459507 0.314177 0.270703
AMR 0.156527 0.224649 0.13264
CH 0.637176 0.663991 0.479601

LK AMR CH
0.459507 0.156527 0.637176
0.314177 0.224649 0.663991
0.270703 0.13264 0.479601

1 0.076452 0.413771
0.076452 1 0.286493
0.413771 0.286493 1

VTherefore, the Pearson correlation coefficient
does not provide a measure that how the air quality
of one city is influence with the air quality of
another city and vice versa. Hence to investigate
the causal relationship between air qualities
among six cities we have used the Granger
causality method to construct a causality network

for both years 2019 and 2020. Fig. 5a shows the
causality network for AQI values across six cities
for 2019 and Fig. 5b shows the causality network
for the year 2020. As we have already discussed
that we have used short abbreviations for the
city’s name that were highlighted as nodes in the
causality network for both years.
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Causality Network- AQI-2019 Causality Network- AQI-2020
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Fig. 5. a) Causality network of AQI for the year 2019, b) Causality network of AQI for the year 2020, ¢) Indegree
analysis for the year 2019 and 2020, d) Outdegree analysis for the year 2019 and 2020, e) Total number of
significant causal links in the network for the year 2019 and f) Total number of significant causal links in the
network for the year 2020

From Figs. 5a and b, it is observed that the
causality network during the year 2019 is denser
in comparison to the causality network for the
year 2020 which indicates present more number

of causal links are present for the 2019 network
as compared to the network for 2020. A possible
reason for the lesser number of causal links for
2020 network may result from the influence of
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the lockdown on air quality due to COVID-19
Pandemic during March to June 2020. From Fig.
5a, it has been observed that a unidirectional link
exists between DL node and GU node, which is
significant at a 10% significance level indicates
that DL node is the most active variable (source
driver) and GU node as a most active sink that
is evident from the Indegree and Outdegree
values for both the nodes in Fig.5¢ and d. Strong
significant causal link between DL and GU nodes
in the 2019 network indicates that air pollution
level of Gurugram city is badly influenced
by the air pollution of Delhi city. Such strong
influence may be evident from the higher value
of correlation for the air pollution between Delhi
and Gurugram city and both the cities are very
close to each other and shares common border.
There also exists a unidirectional causal links
between DL node and other nodes in the network
such as JP node and AMR node which indicates
air pollution of Delhi city is also influencing the
air pollution of Jaipur and Amritsar city. From the
Indegree and Outdegree analysis, it is observed
that the influence of air pollution of Delhi city
is not much intense or severe to the other cities
without borders (Jaipur and Amritsar) as these
cities are very far from the Delhi city and the
correlation is also not very high. Bidirectional link
exists between DL node and LK node, AMR node
and LK node, CH node and LK node in the causal
network for the year 2019 evident from Fig. Se.
From Figs. 5 e and f, it is observed that apart
from the unidirectional causal links bidirectional
causal links also exists in the network for the year
2019 and for the network of the year 2020 only
unidirectional causal links exists between each and
every node in the network. Study by researchers
investigated the spatiotemporal characteristics
of air pollution and causal relationships between
Beijing and its neighboring cities using Granger
Causality test. From results it is observed that air
quality of Beijing is perturbed by the air pollution
of Baoding which is much polluted city than
Beijing [29]. Granger causality test shows that
there exists only unidirectional relationship from
Baoding to Beijing that indicates the air quality

of highly polluted city Baoding influences the air
quality of less polluted city Beijing.

From Fig. 5b, it is observed that causal network
for the year 2020 is not much dense as compared
to the network for the year 2019. In this case
there exists only unidirectional causal links in
the network. Unidirectional causal links exists
between GU node which acts as a source node
and other nodes in the network which acts as sink
nodes such as DL, AMR and CH nodes. Thus, this
indicates that the air pollution of Gurugram city
influences the air pollution of Delhi, Chandigarh
and Amritsar city. But from the Indegree and
outdegree analysis it has been observed that the
causal relationship between GU node with other
nodes DL, AMR, LK and CH nodes are not very
strong evident from very low values of Indegree
and Outdegree may be observed from Figs. 5S¢ &
d. From the comparison of Figs. 5¢ & d, it has
been observed that for the year 2020 outdegree
exists from only DL and GU nodes whereas in
degree exists for DL, LK, AMR and CH nodes.
Here “out degree refers to the number of edges
leaving a particular node in a directed graph
and in degree refers to the number of incoming
links to a particular node in a directed graph”
[37]. A study by [38] used the Granger causality
network perspective to investigate the effects of
haze pollution in Cheng-Yu urban agglomeration
in China. From the Granger causality spatial
association network it is observed that haze
pollution of each city is directly or indirectly
affected by other cities in Cheng-Yu urban
agglomeration.

Table 6 provides the statistical results of the
indicators for the causality network for the year
2019 and 2020. From the results it is observed that
there exists 12 causal links between the coupled
pairs in the causality network for the year 2019
and for 2020 only 5 causal links exists between
the coupled pairs. Density of the causality
network for 2019 is high 0.34 in comparison to
the density (0.17) of causality network for 2020.
From the density comparison it is observed that
the causality network for the year 2020 is sparser
in comparison to the network for 2019.
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Table 6. Statistical indicators of Granger causality network for 2019 and 2020

Year 2019 Year 2020
Indicators Values Indicators Values
1 Number of edges (links) 12 Number of edges 5
(links)
2 Number of vertices 6 Number of vertices 6
(nodes) (nodes)
3 Density of network 0.34 Density of network 0.17

Indegree and outdegree analysis helps us to
understand the role of air pollution of each city
based on the causality network. Nodes with high
indegree indicates that the variable is impacted
with multiple other variables whereas high
outdegree indicates that the variable has an ability
to change many other variables in the system
[39]. The Indegree and Outdegree of any node 1
in the network is defined by Eq. 10 and Eq. 11.

INdegree; = Yjen; caus.; (10)
OUTdegree; = Yjen; caus;_,; (11)

Granger causality network is a directed complex
network which tells the cause of one variable
to another variable. From the Indegree and
outdegree analysis it has been observed that
Indegree of the GU node is very high for the
year 2019 followed by LK and AMR, whereas
the Outdegree of DL node is very high for the
year 2019. Thus, the high value of Outdegree
of Delhi and high value of Indegree of GU
indicates that the air pollution of Gurugram city
is strongly perturbed by air pollution of Delhi
city as compared to other cities. Thus, influence
of air pollution is noticeable observed between
Delhi and its border city Gurugram for the year
2019. From the causality network, it is observed
that the air pollution of Gurugram city is mostly

influenced by air pollution of Delhi and Lucknow
city. Gurugram is the most polluted city in the
world with very high AQI value and Delhi is the
most polluted capital city in the world. Causality
network for the year 2020 clearly indicates the
influence of the lockdown on air quality of
these city’s due to the pandemic situation from
COVID-19 that is evident from the presence of
lesser number of available causal links in the
causality network. From the unidirectional causal
links between GU node with DL, CH and AMR
indicate that the air pollution of Gurugram city
is perturbing the air pollution of Delhi, Amritsar
and Chandigarh but the influence is very small
which is mainly attributed from the lesser degree
distribution for these cities during 2020 evident
from Fig. 6.

Figure 6 shows the degree distribution of each
node in the causality network for the years 2019
and 2020. To identify the important nodes in
the network degree of the vertices plays a major
role. Here the degree of one node is considered
as the number of edges with the adjacent other
nodes. From figure it is observed that the
degree distribution of DL and GU nodes is very
high during the year 2019 that indicates the
air pollution of DL and GU nodes plays a vital
role in the causality network for the year 2019.
Degree distribution for GU node and DL node is
also very high as compared to the degree of nodes
during the year 2020.
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Fig. 6. Comparison of Total degree value from the causality network for the year 2019 and 2020

One of the limitations of the present work
is the unavailability of the dataset for the
other neighbouring cities of Delhi apart from
Gurugram city which we have considered
for the present analysis. Another limitation
is associated with the limited sample size
of 122 days for both years. A more robust
method can be generated in the future by
enlarging the large sample size of data
and the availability of the dataset for more
neighbouring cities of Delhi. In the present
analysis, causal relationships between air
pollution and meteorological variables of
urban cities using Granger causality network
method have not been addressed. In future
further expansion of the present work can
be designed to explore the cause and effect
relationship between air pollution and
meteorological data in these urban cities.
Study concludes that using highly polluted
cities are affecting the one with low pollution
that is evident from the unidirectional causal

links between the AQI of highly polluted
cities and AQI of low polluted cities. .

Conclusion

In the present work, we have used the
Granger causality network method to
accesses the causal relationships between
air pollution of Delhi and its neighbouring
cities. The descriptive statistical analysis
reveals that the mean AQI level for the year
2020 in Delhi and nearby cities is notably
lower compared to the year 2019. In 2020
consistent AQI levels at or slightly below
100 indicate satisfactory to moderate air
quality, likely due to nationwide COVID-19
Lockdown. Considerable and significant
amount of reduction in the daily AQI values
observed with Chandigarh experiencing a
38% decrease, Delhi showing 23% decrease,
Lucknow with 26% and Gurugram with 20%
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decrease during the year 2020. From the
Pearson correlation coefficient, it is found
that the correlation between AQI of Delhi
and Gurugram cities is very high greater
than 0.6 during both the years. High value of
correlation coefficient indicates that the air
quality of Delhi city is closely related with
the air quality of Gurugram City. Granger
causality analysis shows denser network for
the year 2019 with more causal links than
in 2020. Delhi air pollution significantly
influences Gurugram more than other cities in
2019 as indicated by Indegree and Outdegree
analysis.

Bidirectional causal links exist between the
nodes LK and DL, LK and AMR, as well as
LK and CH, which indicates that air pollution
of Lucknow city is influencing and being
influenced by the air pollution of Delhi,
Amritsar, and Chandigarh city during the
year 2019. From the causality network for
the year 2020 it has been observed that there
exists a unidirectional causal link between
GU node with DL, AMR and CH nodes in
the network. In the causality network for the
year 2019, high Indegree for GU and high
Outdegree for DL suggest that Gurugram
city air pollution is mainly influenced by
its neighboring city, Delhi. Present work
investigates the causal relationships between
the air pollution of urban cities and provides
a measure to quantify how the air pollution of
one city perturbs the air pollution of another
city. The current study also highlights the
impact of highly polluted cities on those
with lower air pollution levels. This suggests
that air pollution in highly polluted cities
influences the air quality in cities with lower
pollution levels.

Financial supports

Present work is not funded by any funding

organisation.

Competing interests

Author declares no competing interest.

Acknowledgements

Author thankfully acknowledged Mr. Rohan
Rao who has compiled the dataset and made
freely available in the Kaggle. Author also
thankfully acknowledged Central Pollution
Control Board (CPCB) for making available
online the air quality dataset. The compiled
dataset from CPCB used in the present work
can be downloaded from the following
link  https://www.kaggle.com/rohanrao/air-
quality-data-in-india.

Ethical considerations

Ethicalissues(Includingplagiarism, Informed
Consent, misconduct, data fabrication and/
or falsification, double publication and/
or submission, redundancy, etc) have been
completely observed by the author.

References

I. Kelly FJ, Fussell JC. Air pollution and
public health: emerging hazards and improved
understanding of risk. Environmental
geochemistry and health. 2015 Aug;37:631-
49.

2. Kim JJ. Ambient air pollution: health
hazards to children. Pediatrics. 2004 Dec
1;114(6):1699-707.

3. Moore M, Gould P, Keary BS.
Global urbanization and impact on health.

International journal of hygiene and
environmental health. 2003 Jan 1;206(4-

http://japh.tums.ac.ir



468 S. Budakoti. Assessment of the causal ...

5):269-78.

4. World Health Organization. Global
action plan on physical activity 2018-2030:
more active people for a healthier world.
World Health Organization; 2019 Jan 21.

5. Manisalidis I, Stavropoulou
E, Stavropoulos A, Bezirtzoglou E.
Environmental and health impacts of air
pollution: a review. Frontiers in public
health. 2020 Feb 20;8:14.

6. Kjellstrom T, Lodh M, McMichael T,
Ranmuthugala G, Shrestha R, Kingsland S.
Air and water pollution: burden and strategies
for control. Disease Control Priorities in

Developing Countries. 2nd edition. 2006.

7. Ashfaq A, Sharma P. Environmental
effects of air pollution and application of
engineered methods to combat the problem. I
Control Pollut. 2012;29.

8. Sharma N, Taneja S, Sagar V, Bhatt
A. Forecasting air pollution load in Delhi
using data analysis tools. Procedia computer
science. 2018 Jan 1;132:1077-85.

9. Goyal R, Khare M. Indoor air quality
modeling for PM,, PM, ., and PMI.0 in
naturally ventilated classrooms of an urban
Environmental

2011

Indian school building.
monitoring and assessment.

May;176:501-16.

10.  Rizwan SA, Nongkynrih B, Gupta
SK. Air pollution in Delhi: its magnitude
and effects on health. Indian journal of
community medicine: official publication of
Indian Association of Preventive & Social
Medicine. 2013 Jan;38(1):4.

11. Nufiez-Alonso D, Pérez-Arribas LV,
Manzoor S, Caceres JO. Statistical tools for
air pollution assessment: multivariate and
spatial analysis studies in the Madrid region.
Journal of analytical methods in chemistry.

2019 Feb 10;2019.

12.  Sharma M, Pandey R, Maheshwary
M, Sengupta B, Shukla BP, Mishra A. Air
quality index and its interpretation for the

city of Delhi. International Journal of Energy
for a Clean Environment. 2003;4(3).

13. https://cpcb.nic.in/upload/
NAAQS 2019.pdf.

14.  Kumar A, Goyal P. Forecasting of air
quality in Delhi using principal component
regression technique. Atmospheric Pollution
Research. 2011 Oct 1;2(4):436-44.

15.  Mele M, Magazzino C. Pollution,
economic growth, and COVID-19 deaths

in India: a machine learning evidence.
Environmental Science and Pollution
Research. 2021 Jan;28:2669-77.

16. Cox Jr LA. Improving causal

determination. Global Epidemiology. 2019
Nov 1:;1:100004.

17. Schwartz J, Bind MA, Koutrakis
P. Estimating causal effects of local air
pollution on daily deaths: effect of low

levels. Environmental health perspectives.
2017 Jan;125(1):23-9.

18. Kim JH, Hong J, Jung J, Im JS. Effect
of meteorological factors and air pollutants on
out-of-hospital cardiac arrests: a time series
analysis. Heart. 2020 Aug 1;106(16):1218-
27.

19. Gokmenoglu K, Ozatac N, Eren BM.
Relationship between industrial production,
financial development and carbon emissions:

The case of Turkey. Procedia Economics and
Finance. 2015 Jan 1;25:463-70.

20. Delnevo G, Mirri S, Roccetti M.
Particulate matter and COVID-19 disease
diffusion in  Emilia-Romagna  (Italy).
Already a cold case?. Computation. 2020 Jun
23;8(2):59.

http://japh.tums.ac.ir



Journal of Air Pollution and Health (Autumn 2023); 8(4): 453-470 469

21.  Attanasio A. Testing for linear Granger
causality from natural/anthropogenic forcings
to global temperature anomalies. Theoretical
and applied climatology. 2012 Oct;110:281-
9.

22.  JiangB,LiangS,Yuan W.Observational
evidence for impacts of vegetation change
on local surface climate over northern China
using the Granger causality test. Journal of
Geophysical Research: Biogeosciences. 2015
Jan;120(1):1-2.

23.  File:///E:/airquality/International%20
journal%200f%20enviornment%20and%20
pollution/JAPH/Revision-JAPH/ch. 19
demographic_profile.pdf.

24.  Chatterji A. Air pollution in Delhi:
filling the policy gaps. Massach Undergr J
Econ. 2021;17(1).

25. Parveen N, Siddiqui L, Sarif
MN, Islam MS, Khanam N, Mohibul S.
Industries in Delhi: Air pollution versus
Safety
and Environmental Protection. 2021 Aug
1;152:495-512.

respiratory morbidities. Process

26.  https://www.kaggle.com/rohanrao/
air-quality-data-in-india.

27.  https://cpcb.nic.in/

28. Dickey DA, Fuller WA. Likelihood
ratio statistics for autoregressive time series
with a unit root. Econometrica: journal of the
Econometric Society. 1981 Jul 1:1057-72.

29. Jiang L, Bai L.
characteristics of urban air pollutions and
their causal relationships: Evidence from
Beijing and its neighboring cities. Scientific
reports. 2018 Jan 19;8(1):1279.

CW.
relations by econometric models and cross-

spectral methods. Econometrica: Journal of
the Econometric Society. 1969 Aug 1:424-

Spatio-temporal

30.  Granger Investigating causal

38.

31.  Papaioannou GP, Dikaiakos C,
Kaskouras C, Evangelidis G, Georgakis
F. Granger causality network methods for
analyzing cross-border electricity trading
between Greece, Italy, and Bulgaria.
Energies. 2020 Feb 18;13(4):900.

32.  Mishra AK, Rajput P, Singh A, Singh
CK, Mall RK. Effect of lockdown amid
COVID-19 on ambient air quality in 16
Indian cities. Frontiers in Sustainable Cities.
2021 Sep 29;3:705051.

33.  Singh RP, Chauhan A.
lockdown on air quality in India during
COVID-19 pandemic. Air Quality,
Atmosphere & Health. 2020 Aug;13:921-8.

Impact of

34. NigamR, Pandya K, Luis AJ, Sengupta
R, Kotha M. Positive effects of COVID-19
lockdown on air quality of industrial cities
(Ankleshwar and Vapi) of Western India.
Scientific reports. 2021 Feb 19;11(1):4285.

35. Pratap V, Tiwari S, Kumar A, Singh
AK. COVID-19 lockdown induced air
pollution reduction over India: A lesson for
future air pollution mitigation strategies.
Journal of Earth System Science. 2021
Dec;130:1-6.

36.  SinghH, Meraj G, Singh S, Shrivastava
V, Sharma V, Farooq M, et al. Status of
Air Pollution during COVID-19-Induced
Lockdown in Delhi, India. Atmosphere. 2022
Dec 12;13(12):2090.

37. Gao W, Cui W, Ye W. Directed
information graphs for the Granger causality
Physica A:
Statistical Mechanics and its Applications.
2017 Nov 15;486:701-10.

38. Zhang D, Lu Y, Tian Y. Spatial
association effect of haze pollution in Cheng-
Yu urban agglomeration. Scientific Reports.

of multivariate time series.

http://japh.tums.ac.ir



470 S. Budakoti. Assessment of the causal ...

2020 Jun 16;10(1):9753.

39.  McGlashan J, Johnstone M, Creighton
D, de la Haye K, Allender S. Quantifying a
systems map: network analysis of a childhood
obesity causal loop diagram. PloS one. 2016
Oct 27;11(10):e0165459.

http://japh.tums.ac.ir



