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ABSTRACT:

This study demonstrates relationship between remote sensing satellite retrieved fien aerosol concentration and web-based search 
volumes of air quality related keywords. People’s perception of urban air pollution can verify policy effectiveness and gauge 
acceptability of policies. As a serious health issue in Asian cities, population may express concern or uncertainty for air pollution 
risk by performing search on the web to seek answers. A ‘social sensing’ approach that monitors such search queries, may assess 
people’ perception about air pollution as a risk. We hypothesize that trend and volume of searches show impact of air pollution on 
general population. The objectives of this research are to identify those atmospheric conditions under which relative search volume 
(RSV ) obtained from Google Trends shows correlation with measured fine aerosol concentration, and to compare search volume 
sensitivity to rise in aerosol concentration in seven Asian megacities. We considered weekly relative search volumes from Google 
Trends (GT ) for a four year period from January, 2015 to December, 2018 representing diverse PM2.5 concentrations. Search 
volumes for keywords corresponding to perception of air quality (‘air pollution’) and health effects (‘cough’ and ‘asthma’) were 
considered. To represent PM2.5 we used fine aerosol indicator developed in an earlier research. The results suggest that tendency to 
search for ‘air pollution’ and ‘cough’ occurs when AirRGB R is in excess and temperature is below the baseline values. Consistent 
with this, in cities with high baseline concentrations, sensitivity to rise in AirRGB R is also comparatively lower. The result of this 
study can used as an indirect measure of awareness in the form of perception and sensitivity of population to air quality. Such an 
analysis could be useful for forecasting health risks specially in cities lacking dedicated services.

1. INTRODUCTION

1.1 Background

In most Asian cities outdoor fine particulate matter air pollution
are increasing (Misra et al., 2017). Studies have shown that fine
particulate matter results in severe health impacts that include
pulmonary disorders, irritation in eyes as well as cardiac is-
sues. As per WHO, particulate matter has well documented and
strongest evidence of health risks that leads to harmful impacts
on the cardiovascular, respiratory and pulmonary functional-
ity. In India alone, outdoor air pollution was responsible for
more than 670,000 deaths in 2016. To deal with these health ef-
fects, several countries have launched large-scale policies, e.g.
China’s Action Plan on Prevention and Control of Air Pollution
and India’s National Clean Air Program. In other countries,
like Thailand, there is a growing demand for ‘Clean-air Act’ to
overcome the issue of polluted air. However to move in the dir-
ection for achieving air quality and environmental management
objectives, public perception about air pollution as a risk needs
to be studied (Bickerstaff, Walker, 2001). An understanding of
what levels of air pollution are perceived as acceptable among
the public, can verify the effectiveness of policies as well as
help improve the communication framework for achieving the
desired change in attitude and behavior (Eden, 1996, Elliott et
al., 1999). Perception of people regarding exposure and health
effects is critical to gauge response of people and acceptability
of related policies (Egondi et al., 2013). Although it is known
environmental factors affect the health impact, (Elliott et al.,
1999) suggested that perception of air pollution affects the re-
lation between air pollution and health.
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Since epidemiological datasets are not publicly available for
many cities, web-based social sensing datasets may be useful in
reflecting impact of pollution on human heath. However it is not
clear to what extent information derived social sensing dataset,
such as Google Trend, is related to air pollution concentration.
Furthermore, as cities differ in baseline concentrations and so-
cial parameters, whether a unit rise in pollutant concentration
results in a similar response on social sensing datasets across
all cities is also unclear.

1.2 Objective of this research

The objective in this paper is to: 1) assess whether Google
Trends for air quality related search queries shows correlation
and seasonality with measured fine aerosol concentration, and
2) estimate health sensitivity of general population to measured
fine aerosol concentration.

2. METHODOLOGY

The flowchart of dataset and methodology employed for study-
ing the relationship between Google Trends based search activ-
ity and pollution concentration is shown in Figure 1. Data loc-
ation consist of 7 Asian megacities.

Seven Asian megacities were chosen to study their perception
and sensitivity. In order of their increasing per capita gross na-
tional income (GNIpc), these cities are: Dhaka ($3,677), Kara-
chi ($ 5,311), Delhi ($ 6,353), Bangkok ($ 12,376) Taipei ($
24,318), Seoul ($ 35,945) and Tokyo ($ 38,986). These cities
were chosen based on their population size, known air pollution
issues and popularity of Google as the dominant search engine.
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Figure 1. Flowchart studying relationship between Google
Trends based search activity (RSV ) and fine aerosol

concentration R

Each of them (except Tokyo) sees PM2.5 concentrations above
the WHO specified 24 hour limits although to a much variable
degree.

2.1 Theoretical background

Within social sciences, risk is defined as (Rosa, 2003) “a situ-
ation or an event where something of human value (including
humans themselves) is at stake and where the outcome is un-
certain” while perception of risk is defined as ‘the subjective
assessment of the probability of a specified type of accident
happening and how concerned we are with the consequences’
(Sjöberg et al., 2004). There are many studies that have stud-
ied public perception of air pollution, but few have probed the
correlation between perception and measured air pollutant con-
centrations. Even fewer studies have focused on developing
countries (Saksena, 2011). This is important to explain why
there is a gap between the perception of general public and
an expert who relies on physical information. The first such
study found that in Los Angeles County air quality was per-
ceived as ‘smoggy’ when visibility (as a surrogate indicator of
pollution), O3 and SO2 concentrations exceeded their baseline
values (Flachsbart, Phillips, 1980).

Measuring perception is difficult as it is a subjective phe-
nomenon and lacks any related open data. In absence of real-
time data, social sensing and remote sensing data could be used
to understand perception and sensitivity of humans to air pollu-
tion to some extent. Social sensing is defined as ‘any source of
information that can be identified in modern social networking
and Web tools that expresses some situation or fact about users
(e.g., their preferences or scheduled activities) and their social
environments’ (Rosi et al., 2011). Popular data sources in-
clude Google Trends, Twitter API and Sina Weibo. Researches
have shown impact of air pollution on expressed happiness
on Sina Weibo (Kahn et al., 2019). Google Trends has been
used to assess the impact of meteorological environment on hu-
man behavior. Although search data is not significantly better
than autoregressive model, however in absence of other data
sources search data could be useful (Goel et al., 2010). COPD

symptoms are triggered with chronic particulate air pollution
(Schikowski et al., 2014) as well as short-term exposures (Li
et al., 2016). In recent years, use of Google Trends in health
care research as been increasing (Nuti et al., 2014), such as for
COPD symptoms (Boehm et al., 2019), asthma (Bousquet et al.,
2017), influenza (Polgreen et al., 2008) as well as flu (Eysen-
bach, 2006). (Maurer, Holbach, 2016) showed that search re-
quests represent not only the concern for the issue concern (also
known as salience) but also the public uncertainty regarding the
issue, where uncertainty can be defined as absence of know-
ledge on an issue. Since cough is a common symptom of COPD
(Smith, Woodcock, 2006), it was chosen as a search keyword
indicating health impact. Based on this we hypothesized that
among these keywords, search for ‘air pollution’ corresponds
to perception of air quality, while ‘cough’ and ‘asthma’ corres-
pond to short term health-effect.

2.1.1 Perception of fine aerosol concentration Perception
of air quality is subjective to each individual. Perception of
indoor air quality is established on the basis of temperature,
humidity and velocity of the air as well as the quotient of
the amount of air pollution and fresh air supplied (Roelofsen,
2018). Since perception of air quality is ultimately related
with health effects (Elliott et al., 1999), search keywords RSV
keywords may inform how varying outdoor pollutant concen-
tration affects the health. Perception of air quality was assessed
by identifying correlation of GT search volume relative to R.
Clustering methods were used to group observations with sim-
ilar atmospheric conditions. Correlation between mean obser-
vation of each cluster was computed to examine whether vari-
ation in atmospheric parameters influences RSV . Following
the perception index of (Roelofsen, 2018), R, temp, and wind
were considered for clustering the data. As past studies have
suggested the role of atmospheric visibility in perception of air
pollution (Flachsbart, Phillips, 1980), AOD values were also
for cluster correlation included as inverse indicator of visibility
(Kaufman, Fraser, 1983). It should be noted however that if the
light attenuation is high, retrieved AOD will be high irrespective
of the particle being coarse or fine. Hierarchical Agglomerative
Clustering (HAC) algorithm was used to generate the clusters.
HAC is a bottom-up algorithm where each object is initially
a single-element cluster and at each step, similar clusters are
combined to progressively bigger cluster. Two set of clusters,
C1 andC2, were generated using HAC, to obtain the correlation
between among cluster components as shown in Equation 1.

C1 : HAC(R, temp,wind)

C2 : HAC(∆R,∆temp,∆wind) (1)

R, temp, wind and RSV for each location was standardized
from 0 to 1 and pooled into a single dataset. Cluster set, C1,
were computed over this dataset. Another cluster set, C2 was
computed over ∆R, ∆temp and ∆wind such that, ∆X refers
to X − X̄2015−2018, where X̄2015−2018 is the baseline obtained
as mean X from 2015 to 2018 .

2.1.2 Sensitivity of perception We are interested in identi-
fying how sensitive is RSV in responding to rise in R. Sens-
itivity is commonly defined as a measure of the proportion of
actual positives that are identified as such. This increase or de-
crease is quantified through a relative change metric (Preis et
al., 2013). The relative change metric ∆′n at time t within a
time-frame of δt for R or RSV is defined as Equation 2.
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∆′n(t, δt) = n(t) −N(t− 1, δt) (2)

where, N(t−1, δt) = (n(t−1)+n(t−2)+ ..+n(t−δt))/δt.
For this research, N was computed at δt of both 1 week and
2 weeks, which means that relative change of current search
volume or concentration was computed in comparison with its
mean over the previous 2 and 3 weeks respectively. Based on
this, we define the time-frame sensitivity, s, of relative change
in RSV , ∆′RSV , to rise in R, ∆′R, as Equation 3. Only those
cases were considered when ∆′R was greater than 10 units so
as to ensure ∆′R is large enough to be perceivable.

s(δt) =
ΣTPδt

ΣTPδt + ΣFNδt
(3)

where, TPδt (true positive) is considered 1 when within a time-
frame δt, both ∆′R and the co-occurring ∆′RSV are posit-
ive, FNδt (false negative) is considered 1 when ∆′R is pos-
itive but co-occurring ∆′RSV is negative. We also define
weighted sensitivity sw(δt), that takes into not only the dir-
ection of change, but also the magnitude of relative change as
shown in Equation 4. A high value (≥ 1) of ∆′RSV

∆′R is a res-
ult of larger change in RSV relative to R. This could be on
account media-generated hype or signify the high sensitivity of
population.

sw(δt) =
Σ(TPδt.

∆′RSV
∆′R )

Σ(TPδt.
∆′RSV

∆′R ) + Σ(FNδt.
∆′RSV

∆′R )
(4)

2.2 Data used

2.2.1 Google Trends (GT ) Relative search volume (RSV )
for any search term is available from the web search engine
Google, since 2004 at daily scale on a geographical basis of a
metropolitan region or a state. If the specified duration is bigger
than 9 months then theRSV is available at weekly scale. These
relative search volumes are available as integers on a relative
scale of 0 to 100, 100 being the maximum RSV within the spe-
cified time period duration and 0 being the minimum. RSV was
considered between January, 2015 to December to obtain data
free of Google’s previous algorithmic adjustments. The RSV
values are affected by any new relative maxima or minima in
search volume. Due to this, in some locations a very high RSV
for a few dates along with very low values (≤ 5) for other dates
was obtained, masking the subtler daily changes in RSV . To
partly overcome this, smaller overlapping periods were down-
loaded and then joined by inter-calibration (Challet, Bel Hadj
Ayed, 2014). In addition RSV was further scaled between 0
percentile and 95 percentile to remove extreme value RSV .
The keywords probed were the search terms: ‘air pollution’,
‘cough’ and ‘asthma’. These keywords are collectively referred
to as GT henceforth. For Bangkok, Tokyo, Taipei and Seoul
corresponding translated terms in Thai, Japanese, Chinese and
Korean were used. The Google Trend time series for GT were
batch downloaded using a Python module ‘pytrends’ available
from GitHub. The RSV also exist in the form search ‘Topics’
in Google Trends, which allow search volume of all words re-
lated to that topic but since the full list of related words is not
disclosed, this option was not considered.

2.2.2 MODIS based fine aerosol indicator Moderate Res-
olution Imaging Spectro-radiometer (MODIS) retrieved AOD
(aerosol optical depth) and AE (angstrom exponent) global
satellite products were decomposed into components using a
decomposition scheme following (Misra et al., 2017). The de-
composition scheme provides 3 components on a scale of 0 to
100 for high AOD and AE, high AE and low AOD, and low
AOD and AE. The first component (labeled R) corresponds to
PM2.5 levels (Misra et al., 2017). To account for aerosol hy-
groscopic growth during presence of precipitable water, R was
corrected for relative humidity using an empirical relationship
(Chin et al., 2002) as shown in Equation 5.

R =
Robs
σrhum

(5)

Where, Robs refers to the AirRGB R corrected by relative
humidity. Mass extinction coefficient (σrhum) characterizes
hygroscopic growth in aerosol at different relative humidity
(rhum) values (Chin et al., 2002). Relative humidity values
for the locations were obtained from the reanalysis weather
data, described below in 2.2.3. This dataset was composited
at weekly level from 2011 to 2018 and was gridded at 10 km
resolution.

2.2.3 Reanalysis weather data Daily local weather clima-
tological information for each location was obtained between
2012 to 2019 from the NCEP/NCAR Reanalysis 1 data set from
NOAA Earth System Research Laboratory (NOAA ESRL,
n.d.). It is globally available at 2.5 degree mesh grid. Min-
imum temperature, maximum temperature, wind speed vec-
tors and relative humidity were obtained at daily scales. Daily
mean temperature (temp) was calculated as average of min-
imum and maximum temperature, which along with relative hu-
midity (rhum) and wind speed magnitude (wnd) was averaged
to weekly level for further analysis.

3. RESULTS AND DISCUSSION

3.1 Trend of R and RSV

Figure 2 shows difference of R from 2015 and 2001 highlight-
ing the study locations. Detailed four-year weekly trend for
AirRGB R and RSV of ‘air pollution’, ‘cough’ and ‘asthma’
over some study locations is shown in Figure 6 in Appendix
(Section 4). Taipei has the highest missing R due to frequent
cloud cover (80.08% missing) followed by Bangkok (67.69%
missing). Within the observable days, the highest R baseline
values between 2010 and 2018 are seen in Bangkok (42.94), fol-
lowed by Delhi (41.58) and Dhaka (39.13). In Delhi, Dhaka and
Karachi, the baseline R between 2010 to 2018 is higher than
the baseline between 2001 to 2010 by 1.92, 1.12 and 0.92 re-
spectively and shows existence of seasonal trends. This clearly
shows a rising fine mode aerosol in these locations. During
the same period, R decreased by in Taipei, Seoul, Bangkok
and Tokyo respectively. The factors affecting the seasonal-
ity are meteorological conditions like boundary layer inversion
and rainfall and anthropogenic factors like annual crop-burning
cycles. It appears that ‘air pollution’ searches also follow a sea-
sonal regime and are only partially dependent on R values as
higher value of R do not always translate into higher searches.
At the same time there is a very clear but non-overlapping
seasonality in ‘cough’ and ‘asthma’ RSV for Karachi, Delhi,
Taipei, Seoul and Tokyo. The coefficient of variation (defined
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Figure 2. Difference of R from 2015 and 2001 highlighting the
study locations and annual percentage cloud-free observable

days using MODIS.

as ratio of σ and µ) indicates the standardized dispersion of fre-
quency distribution, the high value of which can suggest strong
presence of seasonality. Coefficient of variation for ‘cough’
RSV is highest in Delhi and for ‘asthma’ RSV it is highest
in Tokyo. In some cities like Delhi there is overlap in season-
ality of ‘cough’ and R. Specially for Delhi ‘cough’ shows sea-
sonality with high R values in months of November, Decem-
ber and January. Also in Delhi, three exceptional peaks were
noted in the December of 2016, 2017 and 2018 where ‘air pol-
lution’ searches coincided very well with high R. This is likely
a result of rising mass media news articles (Negi et al., 2017)
and social campaigns since 2015. This could correspond to the
‘issue-attention cycle’ (Downs, 1996) wherein public attention
is transformed from pre-discovery of problem stage to alarmed
discovery.

3.2 Correlation between R and Google Trends RSV

Figure 3 shows the result of correlation between mean value
of clusters derived from absolute values and deviance from
baseline values of R, temp, and wind. Correlation among
cluster set C2 (comprising difference from baseline values) is
higher than the cluster based only on absolute values (C1 in
Equation 1). In the C2 case, correlation of ∆R with ‘air pollu-
tion’ ∆RSV (0.4), ‘cough’ ∆RSV (0.7) and ‘asthma’ ∆RSV
(0.1) is higher than the C1 case of correlation of R with ‘air
pollution’ RSV (0.1), ‘cough’ RSV (0.2) and ‘asthma’ RSV
(-0.4). Similar but smaller improvements are seen for correla-
tion of RSV with temp and wind. It is interesting to note that
compared to C1, C2 results in more correlation improvement in
‘cough’ and ‘asthma’ RSV than ‘air pollution’. It is also seen
that AOD has lower correlation compared toRwithRSV . This
implies that although visibility of the air could be a visual indic-
ator of perception, it is the presence of fine aerosol that governs
perception.

There also exists an inverse relationship between absolute val-
ues of R and wind speed as well as ∆R and ∆temp. This
is a well-studied phenomena where high wind speed leads to
pollutant dispersion and dilution. Higher than usual temperat-
ures cause to surface-to-air convection currents also leading to
dilution. However it is interesting to note that both low temp
(Figure 3 (a)) as well as negative ∆temp (Figure 3 (b)) lead to
high ‘air pollution’ RSV . This correlation of temp with ‘air
pollution’ RSV is stronger than that of R with ‘air pollution’
RSV . It suggests absolute and relative differences of temperat-
ures govern the perception of air quality more than the R. This
is shown more clearly in Figure 4. It is seen that a ∆temp
lower than -3o and a ∆R larger than -2 than leads to positive

(a) Clusters based on absolute
values

(b) Clusters based on difference
from baseline values

Figure 3. Heat map showing correlation between mean values of
the clusters based on the (a) absolute values and (b) and

difference from mean(∆) for concentration R, temperature
temp and wind speed wnd.

‘air pollution’ ∆RSV . For both ‘air pollution’ and ‘cough’,
very high positive RSV also occur when ∆temp is lower than
-7o and ∆R is higher than 11. For ‘asthma’, although positive
∆RSV occur with lower ∆temp and higher ∆R, it is not as
high as ‘air pollution’ and ‘cough’. It could be because apart
from air pollution, asthma is also triggered by allergens. Fur-
ther asthma affects children more than adults which could be
another reason.

3.3 Sensitivity of GT to short-term rise in R

The sensitivity and weighted sensitivity in terms of relative
change in search volume of keywords to rise in R in the 7 cit-
ies between 2015 and 2018 is shown in Figure 5. Compared to
other cities in Figure 5 (a), in Tokyo ‘air pollution’ ∆′RSV has
the highest 1-week sensitivity (s(1) = 0.60) to ∆′R. Also, a
lower sensitivity to 2-week (s(2) = 0.50) suggests that ‘air pol-
lution’RSV is lower in the second week (compared to ‘air pol-
lution’ RSV in the first week) when continuous rise of R takes
place. While in Seoul and Bangkok, ‘air pollution’ ∆′RSV
has the lowest 1-week sensitivity (s(1) = 0.45). Dhaka has the
highest sensitivity of ‘air pollution’ ∆′RSV to 2-week ∆′R
(s(2) = 0.65), showing that continuous 2-week ∆′R lead to
more positive ∆′RSV than just 1-week rise. There is a large
gap between s(1) (0.46) and s(2) (0.64) in Seoul and between
s(2) (0.44) and sw(2) (0.65) in Delhi, signifying that less than
50% positive ∆′R events are noticed, but when noticed they
lead to larger than usual ‘air pollution’ ∆′RSV .

A high 1-week sensitivity of ‘cough’ ∆′RSV (s(1) > 0.55)
is found in Dhaka, Karachi and Delhi in Figure 5 (b). 2-
week sensitivity is highest in Tokyo (s(2) = 0.66) followed by
Delhi (s(2) = 0.6). Low weighted sensitivity (sw(1) = 0.37,
sw(2) = 0.35) in Delhi compared to non-weighted sensitivity
(sw(1) = 0.54, sw(2) = 0.60) suggest that positive ’cough’
∆′RSV takes place during positive ∆′R, however there is low
correspondence between their magnitudes. In Figure 5 (c),
Karachi has the highest 1-week sensitivity of asthma ∆′RSV
(s(1) = 0.66) followed by Seoul (s(1) = 0.56) and the lowest
in Delhi (s(1) = 0.34) and Tokyo (s(1) = 0.34). Apart from
Karachi and Seoul, s(1) is lower than 0.5 for other cities, which
means less than 50% of positive ∆′R correlates with increase
in asthma RSV . Sensitivity of ‘cough’ to ∆′R is more sens-
itive than ‘asthma’ in Dhaka, Delhi and Tokyo in contrast to
‘asthma’ which is more sensitive than ‘cough’ in Karachi and
Seoul. This could be due to difference in the constituents of
the local air pollutants, leading to differences in health impacts.
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(a) ‘air pollution’

(b) ‘cough’

(c) ‘asthma’

Figure 4. Plot of mean cluster values based on difference from
baseline of concentration indicator (∆R) and temperature

(∆temp) showing difference from mean relative search volume
(∆RSV ) values of (a) ‘air pollution’, (b) ‘cough’ and (c)

‘asthma’. Generally positive ∆R and negative ∆temp leads to
positive ∆RSV of ‘air pollution’, ‘cough’ and ‘asthma’. Bubble

size represents relative cluster size.

(a) ‘air pollution’

(b) ‘cough’

(c) ‘asthma’

Figure 5. Mean sensitivity of the change in (a) ‘air pollution’,
(b) ‘cough’ and (c) ‘asthma’ ∆′RSV with respect to change in

AirRGB ∆′R for the 7 mega cities. s1 and s2 refer to sensitivity
for the period of 1 and 2 weeks while sw1 and sw2 refer to their

respective weighted sensitivity.
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As asthma is also affected by biogenic particles such as pollen
grains, it is possible that the pollen season and high pollutant
period coincides in Karachi and Seoul, leading to high sensitiv-
ity in ‘asthma’.

3.4 Discussion

In this study we established that people’s perception of air qual-
ity and its health risk, cough is related with difference of fine
mode aerosol level from its baseline. At same R but a dif-
ferent temp, perception as shown by RSV could be differ-
ent. Since COPD diseases, whose common symptom is cough,
could be caused to presence of certain viruses which spike in
winter season, this confounds the influence of air pollution on
health. A similar observation was also regarding COPD search
terms (Boehm et al., 2019). Policy implication of this finding
could be that for the success of policies that target people be-
havior, current approaches should also contains different provi-
sions for awareness campaigns based on weather conditions. In
fact, warmer seasons may needs extra measures and campaigns
to spread awareness regarding pollution. This also implies that
in places with climate warming, perception of air pollution as
a risk may decrease. These findings are partially similar to that
oc climate change perception where frequent anomalies lead to
lowered expectations and less chances of the events being per-
ceived as remarkable (Moore et al., 2019).

From the perspective remote sensing this result has some bias
due to consideration of only non-cloudy observations. A known
limitation is that compared to surveys which provide a direct
indication of public concern based in individual response, in-
ternet search data can only provide active collective public re-
sponse (Bromley-Trujillo, Poe, 2018), and by extension cannot
inform individualistic inclinations that may govern the reason
for concern. Further internet searches represents only active in-
terest, so when air pollution may not be searched for on a clean
air day, it si unclear whether perception regarding air pollution
has changed. Although studies using Google Trends dataset
are increasing, currently set standards for data collection and
an optimal search strategy is lacking (Nuti et al., 2014). Our
analysis was limited by a narrow selection of Google Trend
keywords. There are two issues here. First, a broader selec-
tion of keywords is needed that to identify effect of polluted
air on people, e.g. ‘smog’, ‘sick’ ‘mask’, etc. However these
words are also carry several other connotations which make can
confound the interpretation of search volume leading to lower
content validity (Mellon, 2014). Second, when there is a pref-
erence to search in a local informal language, the interpretation
of the word may not always coincide with the direct English
translation. e.g. in Hindi language, the same word is used to in-
quire about wind and air quality. A systematic approach could
be scraping the most frequently used words in air pollution re-
lated news articles in the local language and obtaining search
volumes corresponding to those terms. Another limitation is
with using Google Trends unavailability of daily-level data and
absolute search frequencies (Maurer, Holbach, 2016). So far
we assumed that the most popular method of obtaining inform-
ation is by searching for ‘air pollution’ or ‘asthma’. However
with rise in smartphone app based alert systems in many places,
the apparent concern for these topic as measured on Google
Trends may decrease leading to erroneous conclusions. Fur-
ther, this analysis was performed at the scale of one week with
a dataset of 4 years. For a much smaller time period, Google
Trends is also available at daily and hourly scales. Temporally
denser data can be obtained and studied with dense concentra-
tion readings, e.g. Aeronet retrieved AOD or personal PM2.5

measurements. If behavior of other emission sources like real
time traffic congestion status can be obtained, its inclusion can
reveal impact of emission sources and rising concentration on
human health. This could be useful for preparation of medical
facilities and stocking medicinal supplies. Nighttime light from
VIIRS is also an important predictor of human activities which
shows discrimination with air pollution (Misra, Takeuchi, 2016)
and can be included as independent variable to separate percep-
tion among diverse study locations.

4. CONCLUSION

In this paper we have shown that geo-located social sensing data
can combine with traditional remote sensing data to reveal per-
ception and sensitivity of web-based search volumes with re-
spect to outdoor air pollution. This is the first study to demon-
strate relationship between air quality related search volumes
and the air quality concentration. The results suggest that tend-
ency to search for ‘air pollution’ and ‘cough’ occurs when Air-
RGB R is in excess and temperature is below the baseline val-
ues. For the Asian megacities, the highest sensitivity to rise
in pollutant concentration is shown by ‘air pollution’ in Delhi,
‘asthma’ and ‘cough’ in Dhaka, ‘headache’ in Seoul and ‘mask’
in Tokyo. Further the level of R that results in increased RSV
ofGT varied for the cities. It was found that rise in RSV ofGT
occurred at higher R in low GNIpc cities than the R levels of
high GNIpc cities. RSV and remote sensing datasets could be
beneficial is assessing perception and health effects during high
pollution episodes.
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(a) Dhaka

(b) Karachi

(c) Delhi

(d) Tokyo

Figure 6. Weekly relative search volume (RSV) of the search
terms: ‘air pollution’ (black), ‘cough’ (red) and ‘asthma’ (green)

are shown along with the fine aerosol component R (shaded
gray) for (a)Dhaka, (b) Karachi, (c) Delhi and (d) Tokyo under

study.

APPENDIX

Weekly relative search volume (RSV) of the search terms is
shown in Figure 6.
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