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Abstract
This study has investigated the association between the amount of atmospheric aerosols and the occurrences of Asthma, 
Chronic Obstructive Pulmonary Disease (COPD) and Lung Cancer in Delhi, Mumbai, Chennai, Kolkata and Bengaluru. 
Aerosol Optical Thickness (AOT) data of Visible Infrared Imaging Radiometer Suite (VIIRS) and Google Trends (GT) 
have been used to acquire information regarding the abundance of atmospheric aerosols and the occurrences of the respira-
tory diseases respectively. The result of Granger causality test between AOT and GT has shown that Delhi, Mumbai and 
Chennai were quite vulnerable to the three respiratory diseases whereas Bengaluru did not display so much vulnerability to 
these ailments. Kolkata was not so much vulnerable to Asthma but did exhibit susceptibility to the other two diseases. GT is 
validated by correlating with Annual Morbidity data of Delhi. The result of Granger causality test between Particulate Mat-
ter (diameter ≤ 10 μm) (PM10) data and GT validates the result of Granger causality between AOT and GT, and shows the 
trustworthiness of GT and AOT. Thus, this study also proves the usefulness of VIIRS AOT and GT as dependable sources of 
information on atmospheric aerosols and prevalence of the respiratory diseases respectively, and the effectiveness of Granger 
causality test as a tool of analysis in health and geographic information systems (GIS).

Keywords  Aerosol optical thickness · Google trends · Granger causality test · Pearson’s correlation coefficient · VIIRS · 
Annual morbidity · PM10

Introduction

A risk factor increases the likelihood of developing a disease 
(Parritz and Troy 2018; Dovjak and Kukec 2019). Environ-
mental risk factor assessment involves the study and analysis 
of an entity, associated with the environment, which can 
increase the vulnerability to a disease. Chronic respira-
tory diseases are one of the major causes of concern about 
human health. Chronic respiratory diseases account for 4 
million deaths across the globe annually. Major preventable 
chronic respiratory diseases include chronic obstructive pul-
monary disease (COPD), asthma, lung cancer, Sleep Apnea 

Syndrome and pulmonary hypertension. (World Health 
Organization 2007).

Among the considerable number of respiratory ailments, 
COPD, asthma and lung cancer impose a significant burden on 
India (Bhome 2012; Jindal et al. 2012; Noronha et al. 2016). 
The abundance of atmospheric aerosols is one of the causa-
tive factors for COPD, asthma and lung cancer (Mowli and 
Subbayya 1989; Longo et al. 2011a; Kim and Criner 2013; 
Davidson 2014). Major risk factors for COPD include tobacco, 
and indoor and outdoor air pollution (Atkinson et al. 2014; 
DeVries et al. 2016; Li et al. 2016). Asthma is a very com-
mon disease across the world. Although deaths due to asthma 
have decreased in the past 25 years, still it is a matter of con-
cern because of the unavailability of therapeutic regimens, 
and the fact that the reason for its prevalence is not yet well 
known (Beasley et al. 2015). Some of the research studies 
have investigated the risk factors for asthma and found them 
to be genetic, environmental, air pollutants, dietary factors 
and abnormal immunological responses (Oland et al. 2017; 
Törmänen et al. 2018; Ochoa-Avilés et al. 2020). COPD and 
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lung cancer are common in same patients; however, major risk 
factor for lung cancer is cigarette smoking, some of the other 
factors being genetic susceptibility, poor diet, occupational 
exposures and air pollution (Petty 2005; Malhotra et al. 2016; 
Akhtar and Gupta Bansal 2017).

Atmospheric aerosols are minute particles suspended in 
the atmosphere, caused by various natural and anthropogenic 
activities (National Aeronautics and Space Administration 
1996; National Oceanic and Atmospheric Administration 
and United States Department of Commerce 2017). There is 
association between atmospheric aerosol and satellite derived 
Aerosol Optical Thickness (AOT). AOT is the degree to which 
aerosols prevent the transmission of light by absorption and/
or scattering, and is a function of the wavelength of the light 
involved (Godin 2015). If the amount of aerosols in the atmos-
phere is more, the AOT value will be higher, and if the amount 
is less, the AOT value will be lower.

Generally, studies on respiratory disease surveillance use 
patient level data. However, collecting such data is quite dif-
ficult due to many legal hurdles and privacy concerns. To 
overcome this problem, we have used Google Trends (GT) as 
a proxy for patient level data. GT is a normalized score about 
the number of searches for a keyword, relative to the total 
number of searches for all possible keywords, in Google, 
from a region, in a particular time interval. Since Internet 
is a very common thing in metropolitan cities, therefore, if 
there is an increase in the occurrence of a disease in a region, 
people are expected to search more extensively for keywords 
related to that disease and/or its symptoms, in Google. By 
searching for keywords related to a specific disease and/or 
its symptoms, people want to know more about that disease. 
Accordingly, people take preventive measures like visiting 
doctor, changing lifestyle etc. Hence, the Google Trends data 
corresponding to a keyword related to a particular disease 
and/or its symptoms, can be expected to give an idea about 
the prevalence of this disease, in a particular region, during 
a specified time interval.

In this article, we have studied about the presence of 
atmospheric aerosols and its effect on the occurrences of  
COPD, asthma and lung cancer, in five metropolitan cities 
of India, during 2012–2017.

Here, PM10 (particulate matter with diameter ≤ 10 μm) 
and annual morbidity data have been used for validation 
purpose; the relevant details have been discussed in the fol-
lowing sections.

Materials and methods

Study area

Five Indian cities viz., Delhi, Mumbai, Chennai, Kolkata and 
Bengaluru, comprise the study area for this research. Delhi 

is the capital of India. Delhi faces influx of large number of 
people throughout the year because of employment, busi-
ness, medical facilities and tourism. Mumbai is one of the 
densely populated cities of India, situated at the shores of 
the Arabian Sea. It is also known as the financial capital of 
India. Mumbai is also a hub for many industries like tex-
tile, petrochemical etc. Chennai is located along the coast 
of the Bay of Bengal, with many chemical, pharmaceutical, 
textile and machinery industries. Kolkata is situated on the 
bank of the Hooghly River, on the north of the Bay of Ben-
gal. Kolkata is acknowledged as the cultural capital of India 
and its friendliest metropolis (Mouli et al. 2004). Bengaluru 
is the IT hub of India; it is one of the most traffic-congested 
cities in the world. Each selected city is a metropolitan city 
with population of more than 10 million. These cities have 
well developed infrastructure to cater to the demand for 
services of such huge population. Because of huge popula-
tion and infrastructure, pollution due to traffic, powerhouse 
combustion, electricity generators etc. is very high in these 
cities. Due to the high level of pollution, it is appropriate to 
investigate the relationship between aerosols and respiratory 
diseases in these cities.

Data

The details of the data used in this study are given in Table 1:
The AOT data (corresponding to 550 nm wavelength) of 

Visible Infrared Imaging Radiometer Suite (VIIRS) have 
been obtained by ordering at National Oceanic and Atmos-
pheric Administration—Comprehensive Large Array-data 
Stewardship System (NOAA-CLASS). The VIIRS aerosol 
data are processed from the corresponding Sensor Data 
Records (SDRs) (containing calibrated radiance/reflectance 
and brightness temperatures, along with geolocation) and 
ancillary data, on a granule by granule basis (US Depart-
ment of Commerce and National Oceanic and Atmospheric 
Administration 2017; National Oceanic and Atmospheric 
Administration 2021). One VIIRS granule generally con-
sists of 768 × 3200 (along-track by cross-track) 750 m pixels 
(National Oceanic and Atmospheric Administration 2021). 
The processing yields the pixel-level Intermediate Prod-
ucts (IPs) consisting of AOT and other data, and also the 
associated quality flags (National Oceanic and Atmospheric 
Administration 2021). Environmental Data Records (EDRs) 
are created by the aggregation of 8 × 8 IPs for AOT and other 
data, and using various combinations of the quality flags 
(National Oceanic and Atmospheric Administration 2021). 
EDR AOT data have been employed in this work.

Google Trends data have been collected with the help of 
‘google-trends-api’, on the basis of the keywords mentioned 
in Table 2. In Google Trends, search result is normalized 
(as already indicated) to the time and location of a query by 
dividing each search data item by the total searches in the 
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geography and time range it represents, and then scaling the 
resulting number on a range of 0 to 100 (Trends Help 2021).

Directorate General of Health Services, Government of 
National Capital Territory of Delhi, publishes annual mor-
bidity data for Delhi in Annual Reports. The annual mor-
bidity data comprises patient records from the Out-Patients 
Departments (OPDs) and the In-Patients Departments 
(IPDs) of some of the hospitals of Delhi [Directorate Gen-
eral of Health Services (Government of National Capital 
Territory of Delhi) 2017]. However, the annual morbidity 
data for COPD, for the years, 2012–2013, and those for lung 
cancer, for the year 2013, have not been found in the respec-
tive Annual Reports.

PM10 data have been collected from the website (http://​
cpcb.​nic.​in/) of Central Pollution Control Board (CPCB) 
of Government of India. CPCB collects PM10 data, using 
ground based measuring instruments, installed at automatic 
air quality monitoring stations, situated at certain locations 
(Central Control Room for Air Quality Management—All 
India 2021). PM10 data could not be collected for Mumbai 
and Chennai as none of the CPCB station/s of either of these 
two cities has any PM10 value. The stations, corresponding 
to which PM10 data have been collected, are: Delhi: Anand 
Vihar, ITO, Mandir Marg, Punjabi Bagh, R K Puram; Ben-
galuru: City Railway Station; Kolkata: Rabindra Bharati 
University, Victoria.

Causality and Correlation:

Granger causality test can be elucidated with the help of 
Autoregressive Distributed Lag (ADL) model. According to 
this model, the dependent variable, at any point of time, can 
be explained with the help of its own lagged values as well 
as the lagged values of the independent variable.

The basic equation of Granger causality test, using ADL 
model, is given in Eq. 1 (Koop 2005):

where, X is the independent variable, Y is the dependent 
variable, t is time, et is error, q is the no. of lags and α, δ, φ’s 
and β’s are constants. X can be said to Granger cause Y if 
any or all of β1,…,βq are statistically significant. This implies 
that, if one tests the hypothesis that β1 = β2 = … = βJ = 0 and, 
if the hypothesis is rejected, one can say that X Granger 
causes Y. Here, J (≤ q) is the number of restrictions, i.e., the 
number of β’s that are considered zero, in the hypothesis.

In this study, it is required to check whether the AOT 
(independent variable) data from VIIRS sensor are Granger 
causing the disease data obtained from Google Trends 
(dependent variable). For that, the Regression Sum of 
Squares (SSR) based F-test has been employed. The SSR 
based F statistic which has been used for hypothesis testing 
at the significance level of 5%, is given in Eq. 2 (Greene 
2003):

where, RU
2 = R2 from unrestricted regression model, calcu-

lated using SSR, RR
2 = R2 from restricted regression model, 

calculated using SSR.
In unrestricted regression model, none of the β’s is taken 

as zero and in the restricted regression model, J β’s are taken 
as zero.

Coefficient of determination, R2 =
SSR

SST
where, SSR: 

Regression Sum of Squares, SST: Total Sum of Squares.
And J = no. of restrictions, T = no. of observations, q = no. 

of lags, T-q = degrees of freedom (denominator). Besides, 
J = degrees of freedom (numerator).

Now, p = probability of getting the F statistic value for 
particular degrees of freedom.

If, for certain number of lags, the calculated value of p is 
less than the specified value of the level of significance, α 
(here, α = 0.05), and the calculated value of F is more than 
the table value of F, it can be said that the AOT dataset is 
Granger causing the GT dataset at that particular level of 
significance.

Generally, for any keyword, corresponding to a disease, 
and any particular metro-city, Granger causality test yields 

(1)
Yt = � + �t + �1Yt−1 +⋯ + �pYt−p + β1Xt−1 +⋯ + βqXt−q + et

(2)F =
(R2

U
− R2

R
)∕J

(1 − R2
U
)∕(T − q)

Table 2   Keywords corresponding to respiratory diseases (Source: 
(Davidson 2014; Longo et al. 2011a, b))

(+ : the keyword corresponds to the disease; –: the keyword does not 
correspond to the disease)

Keyword Asthma COPD Lung Cancer

Asthma  +  – –
Chest discomfort  +   +   + 
Chronic bronchitis –  +  –
Chronic cough  +   +   + 
Chronic cough at night  +  – –
COPD –  +  –
Coughing up blood – –  + 
Cyanosis –  +  –
Dyspnea  +   +   + 
Emphysema –  +  –
Fatigue –  +   + 
Lung cancer – –  + 
Noisy breathing  +   +   + 
Rapid breathing  +   +  –
Rust coloured sputum – –  + 
Shortness of breath  +   +   + 
Tachypnea  +   +  –
Wheezing  +   +   + 

http://cpcb.nic.in/
http://cpcb.nic.in/
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multiple positive results, but the result with the minimum p 
value, with the condition that p < 0.05 and Fcalculated > Ftable, 
has been recorded for each keyword-metro-city combination. 
In some cases, the Granger test has produced no result for 
the condition, p < 0.05 and Fcalculated > Ftable. In these situ-
ations, the result with the minimum possible p value has 
been recorded.

Now, it is prudent to check how much reliable the Google 
Trends data are, as a source of information about the occur-
rences of the three respiratory diseases. For that purpose, 
this study has used the annual morbidity records.

To find out the relationship between the GT and the 
annual morbidity data, Pearson’s correlation coefficient (r) 
has been calculated. A higher positive value of r indicates a 
better correlation.

For validating the outcome of the Granger causality test 
between AOT and Google Trends datasets, and as an alter-
native way of checking the reliability of the Google Trends 
data, Granger causality test has been performed (in the same 
way as mentioned above) between PM10 data, obtained from 
CPCB, and the corresponding Google Trends data. As hinted 
earlier, PM10 data give the amount of Particulate Matter (i.e., 
atmospheric aerosols) with diameter ≤ 10 μm, present in unit 
volume of the atmosphere; the importance of PM10 lies in 
the fact that these are inhalable because of their sizes. The 
trustworthiness of the Google Trends data and also of the 
result of the Granger causality test between AOT and Google 
Trends datasets, increases if PM10 data are found to Granger 
cause Google Trends data in a similar way as AOT data have 
Granger caused Google Trends data.

Method

The main outline of the method is as follows. AOT data 
have been obtained from NOAA-CLASS. The GT data 
have been collected by employing JavaScript program-
ming, and subsequently, suitably processed to get metro-
city-wise lists of daily GT values for a period of approxi-
mately six years, for Delhi, and around three years, for 
the other four cities, and for each keyword mentioned 
in Table 2. Since Google Trends is a single value hav-
ing one-day temporal resolution for entire region, daily 
AOT is also averaged spatially to get a single value for 
each selected metro-city. The annual morbidity data have 
been collected, manually analyzed, processed and con-
verted into disease-wise lists of Annual Morbidity values 
for Delhi. The PM10 data have been collected and appro-
priately processed to get metro-city-wise lists of daily 
average PM10 values. Next, each GT dataset (i.e., list of 
daily GT values, for a particular metro-city and a particu-
lar keyword) has been tallied date-wise with the corre-
sponding AOT dataset to create the respective combined 
AOT-GT dataset. Granger causality has been checked, 

with the help of SSR based F-test, for each combined 
AOT-GT dataset. Subsequently, the GT data, for Delhi, 
have been averaged for each year for suitable keywords, 
as indicated by the result of Granger causality test and 
the availability of annual morbidity data, and tallied year-
wise with the annual morbidity values, for each disease, 
to create the respective combined Annual Morbidity-GT 
dataset. The daily Google Trends data have been averaged 
over a year since annual morbidity is a single value for 
a year. Next, coefficient of correlation has been calcu-
lated for each combined Annual Morbidity-GT dataset. 
Subsequently, Google Trends data (i.e., daily GT values, 
for appropriate metro-cities and appropriate keywords, 
as indicated by the result of Granger causality test and 
the availability of PM10 data) have been tallied date-wise 
with the corresponding PM10 data to create the respective 
combined PM10-GT datasets. Next, Granger causality has 
been checked, with the help of SSR based F-test, for each 
combined PM10-GT dataset.

The method can be described pictorially with the help of 
the flowchart shown in Fig. 1.

Results and discussion

The result of Granger causality test between AOT and 
Google Trends is shown in Table 3.

According to Table 3, Delhi, Mumbai and Chennai exhib-
ited high to very high degrees of causality for all the three 
diseases whereas, Bengaluru displayed medium level of 
causality, for each of them. In the case of Kolkata, degree 
of causality was medium for asthma, but high for the other 
two diseases.

This result implies that during the period of study, if we 
take into account atmospheric aerosols as the only causa-
tive factor: (a) Delhi, Mumbai and Chennai were quite vul-
nerable to the selected respiratory diseases, (b) Bengaluru 
was not so much vulnerable to these three diseases, and (c) 
Kolkata was also not so much vulnerable to asthma, but did 
display vulnerability to the other two diseases.

Unique keywords uniquely identify a disease, e.g., the 
keyword, “Asthma” uniquely refers to the disease asthma; 
others (i.e., non-unique keywords) signify two or three dis-
eases at a time, e.g., the keyword, “Fatigue” refers to two 
diseases viz., COPD and lung cancer. When causality has 
been detected in a metro-city for a unique keyword, it can be 
precisely stated that the city is vulnerable to only a particular 
disease, to which the keyword refers; otherwise, it can be 
said that the city is vulnerable to any or all of the diseases 
indicated by the respective non-unique keyword.

The map in Fig. 2 qualitatively displays the vulnerabilities 
of the metro-cities to the respiratory diseases, due to the 
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presence of atmospheric aerosols only, during the respective 
study periods.

The plots depicted in the map in Fig. 2, have been gener-
ated with the help of the expression:

where, diff_p = (1 − p) ∗ 1000    and diff_pmin = 870 (diff_
pmin is the minimum value of diff_p)

[diff_p − (diff_pmin−20)] for each disease and each city

Fig. 1   Flowchart depicting the method

Table 3   The nature of causality between aerosols and diseases, using AOT and Google Trends data

(p < 0.01: Very high causality; 0.01 ≤ p < 0.05: High causality; p ≥ 0.05: Medium causality)

City Disease Period Keyword Whether 
Unique Key-
word

Ftable Fcalculated p Degree of Causality

Delhi Asthma 2012–2017 Asthma Yes 3.8463 9.3494 0.0023 Very high
Delhi COPD 2012–2017 COPD Yes 2.6096 3.6504 0.0121 High
Delhi Lung cancer 2012–2017 Lung Cancer Yes 3.8463 11.9361 0.0006 Very high
Mumbai Asthma 2015–2017 Asthma Yes 3.8526 4.2513 0.0395 High
Mumbai COPD/ lung cancer 2015–2017 Fatigue No 1.2268 1.4786 0.0008 Very high
Chennai Asthma 2015–2017 Asthma Yes 1.4079 1.6948 0.0051 Very high
Chennai COPD/ lung cancer 2015–2017 Fatigue No 1.3633 1.4797 0.0184 High
Kolkata Asthma 2015–2017 Asthma Yes 1.3019 1.1979 0.1300 Medium
Kolkata COPD/ lung cancer 2015–2017 Fatigue No 3.8567 4.2201 0.0404 High
Bengaluru Asthma 2015–2017 Asthma Yes 1.5264 1.3575 0.1169 Medium
Bengaluru COPD/ lung cancer 2015–2017 Fatigue No 1.3384 1.3146 0.0614 Medium
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For calculating diff_p, the p values given in Table 3, 
have been used. The number, 20, in the above expression, 
has been chosen as an arbitrary offset value, so that (diff_p 
– diff_pmin), for diff_p = 870, does not become zero.

It may be mentioned here that many researchers have 
studied the relation between respiratory diseases and 
aerosols (De Miguel-Diez et al. 2019). As for example, 
De Souza et al. (2017) have shown the linkage between 
aerosols and prevalence of Asthma in Brazil, and Cao 
et  al.  (2021) have discussed about how COVID-19 
(COronaVIrus Disease 2019) can be transmitted through 
aerosols.

Some scientists have worked on the use of GT data in dis-
ease surveillance. For example, Tkachenko et al. (2017) have 
found that GT data can help in Type 2 Diabetes surveillance, 
Bousquet et al. (2017) have shown the association between 
GT and the epidemiology of allergic rhinitis, and Bhat-
tacharya et al. (2013) have used GT and similar other tools 
(HealthMap and Kazemill) for acquiring information about 
impending outbreaks of certain diseases (which, however, 
do not include asthma, COPD and lung cancer), and have 
concluded that, despite certain limitations, Google Trends 
has a lot of potential in this regard. As another instance, it 
can be stated that, Ricketts and Silva (2017) have revealed 

Fig. 2   Vulnerabilities of the 
selected metro-cities in India to 
the three respiratory diseases, 
due to the presence of atmos-
pheric aerosols
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the association between GT data related to mortality, and the 
actual incidents of mortality, in case of a number of diseases 
including asthma and COPD, in USA.

However, we have found no such report where GT data 
have been used for the surveillance of asthma, COPD and 
lung cancer in India. Moreover, we have come across no 
such study where Granger causality has been checked 
between AOT and GT datasets, to understand the relation 
between the presence of atmospheric aerosols and the preva-
lence of asthma, COPD and lung cancer.

The values of Pearson’s correlation coefficient (r) between 
annual morbidity and GT data are shown in Table 4.

We find in Table 4 that, there is medium to high levels of 
correlation between annual morbidity and Google Trends. 
Thus, we can say that Google Trends has been satisfactorily 
validated by the values of Pearson’s correlation coefficient 
(between annual morbidity and Google Trends). The errors 
of approximation, caused by the yearly averaging of Google 
Trends data, may have propagated and accumulated over the 
years, and may be responsible for lowering the value of r. 
This seems to be true as longer the period, lower the correla-
tion. In spite of using the average Google Trends, the degree 
of correlation is reasonably good.

It may be mentioned here that, many researchers have 
worked on morbidity; as for example, Okoroiwu et al. have 
investigated the causes of morbidity and mortality in a hos-
pital of Nigeria (Okoroiwu et al. 2020). However, we have 

found no such paper where correlation between Annual Mor-
bidity and GT data have been computed to know the effec-
tiveness of GT data for the surveillance of Asthma, COPD 
and Lung Cancer.

The outcome of Granger causality test between PM10 and 
Google Trends is shown in Table 5.

Table 5 shows that Delhi exhibited very high degree 
of causality for all the three diseases whereas, Bengaluru 
exhibited high causality for asthma and medium causality 
for the other two diseases. Kolkata displayed low level of 
causality for asthma, but medium level of causality for the 
other two diseases.

This result implies that during the period of study, if we 
take into account PM10 as the only causative factor: (a) Delhi 
was considerably vulnerable to all the three diseases, (b) 
Bengaluru was quite vulnerable to asthma but not so much 
susceptible to the other two diseases, and (c) Kolkata was 
not quite vulnerable to any of the three diseases.

The result of the Granger causality test between AOT 
and Google Trends is agreeing satisfactorily with that of the 
Granger test between PM10 and Google Trends, for most of 
the relevant city-disease combinations, as shown in Tables 3 
and 5. However, following two discrepancies arise in case 
of asthma for Bengaluru, and COPD and lung cancer for 
Kolkata.

The first one is that, the result of causality test involv-
ing satellite AOT data, shows that Bengaluru was not vul-
nerable to asthma due to atmospheric aerosols, while the 
result of causality test involving PM10, indicates that the 
city was susceptible to the disease due to the presence of 
PM10. This difference may be due to the fact that some of 
the atmospheric aerosols/particulate matter are recorded by 
the ground based measuring instruments but not captured 
by the satellite sensor.

The second discrepancy is that, the outcome of Granger 
causality using satellite AOT data, specifies that Kolkata 
was vulnerable to either or both of COPD and lung can-
cer due to atmospheric aerosols, whereas the outcome of 

Table 4   Correlation between annual morbidity and GT data

(r ≥ 0.75: High correlation and 0.75 > r ≥ 0.50: Medium correlation)

Disease Period r Degree of 
Correla-
tion

Asthma 2012–2016 0.55 Medium
COPD 2014–2016 0.96 High
Lung Cancer 2012 & 2014–2016 0.80 High

Table 5   Causality between particulate matter and diseases, using PM10 and Google Trends data

(p < 0.01: Very high causality; 0.01 ≤ p < 0.05: High causality; 0.05 ≤ p ≤ 0.50: Medium causality; p > 0.50: Low causality)

City Disease Period Keyword Whether 
Unique Key-
word

F (table) F (calculated) p Degree of Causality

Delhi Asthma 2012–2017 Asthma Yes 3.8523 9.1988 0.0025 Very high
Delhi COPD 2012–2017 COPD Yes 3.0063 5.3910 0.0047 Very high
Delhi Lung Cancer 2012–2017 Lung cancer Yes 1.4268 1.7487 0.0043 Very high
Bengaluru Asthma 2015–2017 Asthma Yes 8.5444 24.2177 0.0112 High
Bengaluru COPD/ Lung Cancer 2015–2017 Fatigue No 3.8584 2.8692 0.0909 Medium
Kolkata Asthma 2015–2017 Asthma Yes 3.8662 0.1767 0.6744 Low
Kolkata COPD/ Lung Cancer 2015–2017 Fatigue No 1.3575 1.2895 0.0855 Medium
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Granger causality using PM10 data, shows that the city 
was not susceptible to either or both of the two diseases 
due to the presence of PM10. This difference has occurred 
probably due to the fact that PM10 constitutes only a part 
of the total atmospheric aerosol content.

The overall result of the Granger causality test between 
PM10 and Google Trends validates the outcome of the 
Granger causality test between AOT and Google Trends, 
besides showing the trustworthiness of not only Google 
Trends but also AOT.

A number of researchers have worked on the relation 
between PM10 and respiratory diseases and disorders. 
For instance, Choi et al. (2020) have shown that inha-
lation of PM10 increases airway inflammation, and Jo 
et al. (2017) have found that increase in PM10 and PM2.5 
(particulate matter with diameter ≤ 2.5 μm) is one of the 
factors that lead to higher prevalence of acute bronchitis, 
allergic rhinitis and asthma.

However, we have seen no such study where Granger 
causality between PM10 and GT data has been used as a 
means to investigate the association between the presence 
of particulate matter (diameter ≤ 10 μm) and the occur-
rences of asthma, COPD and lung cancer.

Finally, the following inferences can also be drawn 
from the outcomes of the Granger causality tests and the 
values of Pearson’s correlation coefficient: (a) VIIRS 
AOT and Google Trends can be effectively used as 
sources of information regarding the amount of aerosols 
in the atmosphere, and the trends of the occurrences of 
asthma, COPD and lung cancer, and (b) Granger causality 
test is appropriate for detecting causality between relevant 
datasets in the field of geographic information systems 
(GIS) and Health.

It may be mentioned here that there are some studies 
on the usefulness of VIIRS data. For instance, Huang 
et al. (2016) have validated VIIRS AOT and Ångström 
Exponent (AE) data by comparing them with the data 
from AErosol RObotic NETwork (AERONET), and found 
that VIIRS products are authentic sources of information 
on aerosols.

Granger causality test has been used as a tool of analy-
sis in different fields by several scientists. For example, 
Hamta et al. (2021) have successfully applied it to find out 
how some climatic variables are affecting the prevalence 
of visceral leishmaniasis, and Ivanovski et al. (2020) have 
employed it to infer that capital expenditures cannot be 
used for accurately forecasting the gross domestic prod-
uct (GDP) in the Republic of North Macedonia (Ivanovski 
et al. 2020; Hamta et al. 2021). However, we have come 
across no such paper where Granger causality test has 
been used as a tool of analysis in the field of Health GIS, 
which has been done in this study.

Conclusions

This work judges the vulnerabilities of Delhi, Mumbai, 
Chennai, Kolkata and Bengaluru, to asthma, COPD and 
lung cancer, during the specified time periods, due to the 
presence of atmospheric aerosols. Besides, this study 
reveals that, AOT and GT can be considered as effective 
sources of information about the amount of atmospheric 
aerosols, and the nature of prevalence of the three afore-
said respiratory diseases, respectively, and Granger causal-
ity test can be regarded as a suitable tool of analysis in the 
field of Health GIS. The study highlights the importance 
of correlating environmental pollution with human health 
and controlling the diseases related to environmental fac-
tors through GIS.
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