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Abstract

Air pollution is a serious public health concern. Innovative and scalable methods for detecting 

harmful air pollutants such as PM2.5 are necessary. This study assessed the feasibility of using 

social media to monitor outdoor air pollution in an urban area by comparing data from Twitter and 

validating it against established air monitoring stations. Data were collected from London, 

England from July 29, 2016 to March 17, 2017. Daily mean PM2.5 data was downloaded from the 

LondonAir platform consisting of 26 air pollution monitoring sites throughout Greater London. 

Publicly available tweets geo-located to Greater London containing air pollution terms were 

captured from the Twitter platform. Tweets with media URL links were excluded to minimize 

influence of news stories. Sentiment of the tweets was examined as negative, positive, or neutral. 

Cross-correlation analyses were used to compare the relationship between trends of tweets about 

air pollution and levels of PM2.5 over time. There were 16,448 tweets without a media URL link, 

with a mean of 498.42 (SD = 491.08) tweets per week. A significant cross-correlation coefficient 

of 0.803 was observed between PM2.5 data and the non-media air pollution tweets (p < 0.001). 

The cross-correlation coefficient was highest between PM2.5 data and air pollution tweets with 

negative sentiment at 0.816 (p < 0.001). Discussions about air pollution on Twitter reflect particle 

PM2.5 pollution levels in Greater London. This study highlights that social media may offer a 

supplemental source to support the detection and monitoring of air pollution in a densely 

populated urban area.
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1. Introduction

Air pollution in London, England is a serious health concern. In the last week of January 

2017 air pollution PM2.5 levels in London were worse than in Beijing, China, a city that is 

notorious for poor air quality (Broomfield, 2017; Mittal and Fuller, 2017). Readings from air 

quality monitors were concentrated at 197 micrograms per cubic meter in London compared 

to 190 in Beijing (Broomfield, 2017; Mittal and Fuller, 2017). PM2.5 refers to fine particles 

of dust smaller than 2.5 pm in diameter and is the key indicator that the World Health 

Organization (WHO) uses to measure air pollution because of its association with serious 

health effects (Cohen et al., 2005; Mittal and Fuller, 2017; Organization WH and UNAIDS, 

2006). PM2.5 is produced from combustion of fuels from motor vehicles, wood burning, 

coal-burning power plants, and other industrial sources (Cohen et al., 2005; Organization 

WH and UNAIDS, 2006). In London, traffic is a main source of air pollution; however, 

construction sites, flumes for gas boilers or diesel generators, petrol stations, multi-story car 

parks and airports are also common sources of air pollution in Greater London (Adams et 

al., 2001; Charron and Harrison, 2005; Mittal and Fuller, 2017).

Ambient outdoor air pollution poses serious health risks and contributes to increased 

mortality from stroke, heart disease, lung cancer and chronic respiratory diseases (Apte et 

al., 2015; Birnbaum et al., 2017; Cohen et al., 2005; Gerlach-Reinholz et al., 2017). Each 

year, air pollution from outdoor sources contributes to nearly 9500 early deaths in London 

and over 40,000 deaths in the United Kingdom (Goddard, 2017; Pultarova, 2017). In 

addition to serious physical health effects, there is mounting evidence that air pollution is 

associated with greater psychological distress, more frequent emergency department visits 

for depression, and increased risk of suicide (Ho et al., 2014; Kim et al., 2018; Sass et al., 

2017; Szyszkowicz et al., 2009). While disease burden attributed to air pollution is most 

severe in lower income countries (Landrigan et al., 2017), the European Environment 

Agency estimates that over 90% of city dwellers in Europe are regularly exposed to harmful 

air pollutants (European Environment Agency, 2008). This has prompted outcry among 

citizens, activism, and increased pressure on local governments to implement measures to 

improve air quality (Gardiner, 2014; hackAIR, 2018).

A key factor for improving civic response to harmful air pollutants is to develop a better 

understanding of how air pollution fluctuates over time by geographic area. This is essential 

in order to identify which populations are most at risk and to support methods to intervene 

and reduce harmful exposure. Current methods of measuring PM2.5 levels require 

systematic, long-term assessment of air pollutants through sophisticated air monitoring 

stations. These monitors are mainly funded by London boroughs as part of their duties under 

the Local London Air Quality Management (LLAQM) framework (Greater London 

Authority City Hall, 2018). However, these fixed monitoring stations are only capable of 

measuring air pollution within a specific radius, and raw data collected from these stations is 

used to extrapolate the concentration of pollutants throughout an entire region using 

dispersion models (Devarakonda et al., 2013). This complex process makes it difficult to 

quickly analyze and identify hazardous levels of air pollution (Devarakonda et al., 2013). 

Additionally, where air quality monitors are situated is very important, as monitors as little 

as 5 m apart can return very different measurements because pollution levels can vary 
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largely over time and space. Yet, the size and need for power supply make it difficult to find 

suitable places to put these monitors. Finally, the equipment and maintenance of these 

monitoring stations is very expensive, which deters continuous monitoring and further 

deployment in additional areas of the city (Birnbaum et al., 2017; Blankers et al., 2012; 

Devarakonda et al., 2013; Jiang et al., 2015). For instance, certain areas may be without air 

monitoring systems altogether leaving residents in these areas without any advanced 

warning of harmful pollutants (Jiang et al., 2015).

In response to the need for more area level air pollution monitoring, in January 2018, the 

Mayor of London released a comprehensive guide to encourage the public to monitor air 

quality in London. Citizen-led monitoring can be an important method to gain greater 

insights about air quality issues in discrete local areas (Greater London Authority City Hall, 

2018). However, public monitoring of air pollution still requires individuals to purchase air 

quality monitors, which are not very accurate and start at nearly $200 USD (approx. £150), 

something many residents cannot afford (Greater London Authority City Hall, 2018). Hence, 

a more affordable and scalable real-time system is needed to help detect, respond to, and 

mitigate health risks of air pollution across Greater London, and globally.

Latest digital technologies such as social media platforms and smartphone applications may 

afford new opportunities for collecting data about air quality. For example, a study used 

Facebook advertisements to connect participants with a smartphone application for actively 

measuring physical and psychological wellbeing during an air pollution crisis in Southeast 

Asia (Zhang et al., 2014). The potential for social media platforms to facilitate passive 

monitoring of air quality is also gaining greater attention, especially in urban settings where 

public response to harmful air pollutants may be especially prominent (Ilieva and 

McPhearson, 2018). Prior studies have demonstrated that the Twitter platform can act as an 

effective digital surveillance tool for monitoring a range of public health concerns (Gruebner 

et al., 2017; Hswen et al., 2017; McIver et al., 2015; Nsoesie et al., 2016a; Nsoesie et al., 

2016b). Twitter provides a microblogging medium where users can describe their current 

status in short and frequent posts, called “tweets” containing 140 characters or less. With 

over 330 million active users who post > 500 million tweets daily (Statista, 2018), Twitter 

allows for real-time monitoring of unsolicited content posted by users (Java et al., 2007). 

Furthermore, Twitter’s ability to capture geolocation can facilitate discrete surveillance both 

locally and nationally (Broniatowski et al., 2013). Since people may use Twitter to express 

their experiences, behaviors and attitudes about air pollution, Twitter could be a valuable 

resource to support monitoring of ambient air pollution.

The objective of this study was to determine whether it is feasible to use Twitter for 

monitoring outdoor air pollution in an urban area by comparing data collected from the 

Twitter platform and validating it against established air monitoring stations. For this 

project, the geographic area of London, England was selected because there are well-

established air pollution monitoring stations in the city. Additionally, air quality often 

fluctuates in London and is known to elicit complaints from residents. Therefore, as London 

residents are highly active on social media, they likely voice their concerns about air quality 

on Twitter. Specifically, our hypothesis was that discussion about air pollution among 
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London residents captured on Twitter would parallel true ambient air pollution levels 

measured by official air monitoring stations in London.

2. Methods

2.1. Air pollution data

Air pollution data was acquired from the London Air Quality Network’s (LAQN)’s 

LondonAir platform, which is provided by the Environmental Research Group of King’s 

College of London (Network, 2018). LondonAir measures air pollution in the London and 

South East England area and is collected from 26 monitoring sites that are owned and 

funded by local authorities, Business Improvement Districts, Transportation of London and 

Department of Environment, Food and Rural Affairs (Network, 2018). Daily mean data of 

PM2.5 was downloaded for each of the 26 air pollution monitoring sites from July 29, 2016 

to March 17, 2017, and aggregated by week (Network, 2018). Data from all 26 monitoring 

sites was aggregated to encompass the entire greater London area, and for matching with the 

location data of the tweets about air pollution. PM2.5 are particles with a diameter of 2.5 pm 

or less and are considered a serious threat to health since these “fine particles” can travel 

more deeply into the lungs and contribute to increased risk of cardiovascular and respiratory 

diseases (Apte et al., 2015; Cohen et al., 2005; Organization WH and UNAIDS, 2006). As 

the sources of PM2.5 involve combustion; these particles can soften be “sensed” 

immediately by the public by way of experiencing immediate difficulty breathing and other 

health concerns.

2.2. Twitter data

We used the GNIP Historical Powertrack service to collect publicly available tweets from 

July 29, 2016 to March 17, 2017. Only tweets that were geo-located to the Greater London 

area (using the GNIP’s time zone field for London, UK) and contained terms “air pollution” 

or #airpollution were included in this analysis. These key words were selected because 

previous studies identified through probabilistic topic modeling that discussions related to 

air pollution typically use these key words and these words have enabled effective modeling 

of air pollution on other social media platforms (Jiang et al., 2015; Wang et al., 2015). 

Number of tweets about air pollution was aggregated by week and plotted over time for the 

total 33-week study period.

2.3. Media filtering

Twitter is frequently used for sharing news stories. Therefore we expected that sharing news 

reports on air pollution could influence users’ reactions to air pollution on Twitter. To 

minimize this potential influence on our findings, we specifically examined discussions 

about air pollution that did not mention media content. Therefore, we removed any tweets 

that referenced media sources by removing all tweets containing a URL link from our 

analysis. Previous studies have shown that tweets containing URL links are typically tweets 

that users post to share a news article or blog post (Demirsoz and Ozcan, 2017; 

Sankaranarayanan et al., 2009).
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2.4. Sentiment analysis

As posts on Twitter are unsolicited, users may share their attitudes, thoughts and opinions 

about topics such as air quality and air pollution. Therefore, tweets sharing user opinions 

typically express sentiment, such as negative or positive. Since air pollution has negative 

effects on human health, we hypothesized that users would “sense” the harmful effects of 

PM2.5 and describe their experience with air pollution negatively. We expected that negative 

tweets (excluding shared media reports) would correlate more closely with PM2.5 

measurements than positive tweets. We used natural language processing (NLP) methods to 

extract affective information to determine sentiment for each tweet. We used a widely 

accepted lexicon and rule-based sentiment classifier for microblogs called Valence Aware 

Dictionary for Sentiment Reasoning (VADER). VADER is based on a pattern library which 

is trained from human annotated words commonly found in blogs, product reviews and 

social media posts (Gilbert, 2014). VADAR computes sentiment for each word and generates 

a compound score for the sentence by summing the sentiment score of each word. Sentiment 

scores range from − 1 (extreme negative) to +1 (extreme positive). Scores of exactly 0.0 are 

discarded as they indicate that there is not sufficient context. A sentiment score is considered 

negative if the score is ≤ − 0.5 and positive if the mean compound score is ≥0.5. Mean 

compound scores between − 0.5 and 0.5 are considered neutral. We stratified negative and 

positive tweets about air pollution and plotted these weekly against PM2.5 data to determine 

if differences were present between the two sentiment groups.

2.5. Statistical analysis

To compare tweets about air pollution and levels of PM2.5 over time, we used cross-

correlation analysis. Cross-correlation analyses the relationship between two trends and 

calculates the correlation coefficient to determine if there is a lag (displacement) between the 

two series. The maximum correlation coefficient identifies the time point that the two series 

(air pollution tweets and PM2.5 levels) correlate most closely and the coefficient reveals 

how much two series correlate with one another.

The cross-correlation is defined as:

rk X, Y =
∑ Xt − X Yt − k − Y
∑ Xt − X ∑ Yt − Y

which calculates the sample cross correlation function (CCF) between a pair of time series at 

lag k. Xt Yt are values at time t of each series, and X, Y  are the mean values of each series.

Confidence interval is calculated by ± 1.96/ n. The correlation coefficient value at lag time k 
can be considered statistically significant if it is larger than 1.96/ n where n is the sample 

size (Bracewell, 1986; Nghiem et al., 2016).

2.6. Stationarity through first order differencing

The assumption for cross-correlation function (CCF) is that the data is stationary, where 

mean and variance are independent of time. To test if the data is stationary we applied the 

Mann-Kendall test, which is a non-parametric test to detect trends in time series analysis. 
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The null hypothesis of the Mann-Kendall test is that there is no upward or downward trend 

in the data (Yue et al., 2002). We used the seasonal Mann-Kendall tests in the R package 

Kendall (McLeod, 2005) to detect whether there were trends in air pollution tweets or PM 

2.5 data. The Mann-Kendall test was significant indicating a trend in the data. To perform 

the cross-correlation function test, we conducted first order differencing on the air pollution 

tweets and PM2.5 data series to transform the data into “differentiated” data to make it 

stationary.

3. Results

During the 33-week study period, mean PM2.5 levels were 16.16 μg/m3 per week (SD = 

8.40). PM2.5 levels were lowest (7.44 μg/m3) during the week of July 29, 2016, and reached 

a maximum peak of 46.99 μg/m3 during the week of January 20, 2017. In total, 60,884 

geocoded tweets about air pollution were collected from the Greater London area during the 

study period. The mean number of tweets about air pollution per week was 1844.97 (SD = 

1542.45), ranging from 14 tweets during the week of August 12, 2016, to 6062 tweets 

during the week of January 20, 2017. Of the 60,884 tweets, 73% (n = 44,436) contained a 

URL link, indicating that these tweets likely shared news stories or blog posts. Among the 

16,448 tweets not containing a media URL link, there was a mean of 498.42 (SD = 491.08) 

tweets per week, ranging from only 1 tweet during the week of August 12, 2016 to a 

maximum of 2407 tweets during the week of January 20, 2017.

Within the collection of 16,448 tweets without URL links, 3266 tweets were identified as 

having negative sentiment with a mean of 98.97 (SD = 159.77) negative tweets per week. 

This ranged from 0 negative tweets during the week of July 29, 2016 to a maximum of 903 

negative tweets during the week of January 20, 2017. A total of 21,894 unique users tweeted 

about air pollution in this dataset. There were 1931 tweets with positive sentiment, and 

11,251 tweets with neutral sentiment. Table 1 lists characteristics for these categories of 

tweets.

3.1. Cross-correlation

Table 2 shows cross-correlation functions between each category of Twitter air pollution 

tweets and the PM2.5 data series. The maximum correlation for all categories was at lag 

time 0 (p < 0.001), which indicates that there was no lag or lead-time between PM2.5 and 

tweets about air pollution for any category. A cross-correlation analysis between media and 

non-media tweets showed a coefficient of 0.835 (p < 0.001). There was strong cross-

correlation coefficient between PM2.5 data and non-media air pollution tweets at 0.803 (p < 

0.001), as illustrated in Fig. 1. The cross-correlation coefficient was highest between PM2.5 

data and negative air pollution tweets at 0.816 (p < 0.001) (Fig. 2). The cross-correlation 

coefficients between PM2.5 data and other categories of air pollution tweets are listed in 

Figs. 3–6.

4. Discussion

Our results show that discussions about air pollution on Twitter appear to reflect air particle 

PM2.5 pollution levels in Greater London. This suggests that the public may act as effective 
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“social sensors” of PM2.5 levels in a densely populated urban area. It was expected that 

there would be a strong correlation between non-media and media tweets given that both 

sets of tweets discuss air pollution. However, upon removing media tweets containing URL 

links to minimize the potential influence of sharing news stories, we found that the 

maximum correlation coefficient with PM2.5 levels increased from 0.666 to 0.803. As for 

media tweets alone (excluding non-media tweets), the maximum correlation with PM2.5 

levels was reduced to 0.583. Importantly, PM2.5 and non-media tweets had similar peak 

periods, whereas peak periods for media tweets occurred at different time points and were 

more frequent than peaks for PM2.5. This shows that news media may emphasize air 

pollution even at moderate levels whereas the public’s response to air pollution on Twitter 

likely reflects actual concerns and severity of air pollution as demonstrated by PM2.5 

monitor readings. This is further reflected by the fact that a higher frequency of tweets was 

observed during period when PM2.5 levels exceeded 30 μg/m3 on average, which is the level 

that the World Health Organization deems harmful to health (Brunekreef and Holgate, 

2002). The largest peaks occurred when PM2.5 levels approaced 50 μg/m3, which is also 

where there was the highest frequency of tweets, thereby potentially indicating that more 

negative health effects prompted greater response from the public in the form of tweets 

about air pollution. To investigate this further, we conducted comparative textual analyses of 

tweets within the 30–32 μg/m3 average range and the 6–8 μg/m3 average range. We 

discovered during higher average ranges of PM2.5 levels that users’ non-media tweets 

contained more emotion and negative sentiment such as words like “worry”, “suffer” and 

“shameful”. This may explain why the coefficient between the non-media negative tweets 

and PM2.5 levels was the highest of all of the cross-correlations. In contrast, the media 

tweets between the PM2.5 average range of 6–8 μg/m3 and the PM2.5 average range of 30–

32 μg/m3 contained fewer emotional terms and consisted of topics such as demanding that 

the London government “limit”, “plan”, and “reduce” air pollution.

Consistent with our hypothesis, sentiment analysis of non-media tweets about air pollution 

showed that negative tweets had the highest maximum cross-correlation of 0.816. Therefore, 

tweets about air pollution expressing negative sentiment were most predictive of PM2.5 

levels. As expected, positive tweets reduced the maximum cross-correlation to 0.418 and 

were less predictive of PM2.5 levels. Frequency of negative tweets about air pollution 

fluctuated with comparable highs and lows as PM2.5 levels, suggesting that when PM2.5 

levels are high, greater public concern is expressed on Twitter. Whereas during periods with 

elevated PM2.5 levels, positive tweets had no sharp peaks indicating that Twitter users did 

not post positive content during these times. Negative non-media tweets about air pollution 

included tweets such as “terrible air pollution in London this evening. you could taste the 

buses and the diesel emissions cheating software”, “bloody hell it stinks out there. #quaxing 

+ #rushhour + #airpollution.” And “dreadful traffic jam on the strand. extremely bad air 

pollution today!” These tweets suggest that the public is responding to the negative effects of 

air pollution and voicing their concerns using Twitter, further highlighting the potential for 

the public to act as “social sensors”. This further indicates that the public may be 

experiencing negative effects of air pollution and are reporting these experiences online as 

depicted by more negative content compared to positive content.
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There are limitations with our study. First, tweets were restricted to English because the 

sentiment analyzer VADER is programmed for English text. The addition of other languages 

may increase the correlation between tweets and PM2.5 levels, and will be necessary to 

generalize these findings to non-English speaking settings. Second, only tweets containing 

geographic location information (geo-location) by time zone were included. Thus, tweets 

about air pollution without geographic location details were not captured. Therefore, the 

data may not fully represent all online communication in Greater London. However, the fact 

that we found such robust correlations implies that the number of “social sensors” obtained 

in this study through geographic identification was sufficient to reflect official PM2.5 levels. 

Additionally, our findings lacked granularity, as we were unable to examine correlations 

between individual air monitoring sites and communication on Twitter, and instead relied on 

aggregate data for the entire London area. Future studies should seek to examine how online 

communication correlates with environmental contaminants such as air pollution at the 

neighborhood level.

Since we restricted our analyses to Greater London, the third limitation is that our findings 

may not generalize to other areas. For instance, how London residents react to air pollution 

and post on Twitter may differ compared to other urban areas, countries, and regions of 

lower socioeconomic status or rural areas with lower access to the Internet and social media. 

This is a significant caveat of online big data because populations without Internet access are 

excluded from analyses. In low-resource settings with less access, there may be insufficient 

online “social sensors” to detect changes in air pollution. Yet, these lower income areas may 

be most susceptible to harmful levels of air pollution. In other countries, there may be less of 

a culture to post thoughts about air pollution on Twitter. However, several studies using data 

from Sina Weibo (a popular social media platform in China) have demonstrated feasibility 

for tracking air pollution in China (Jiang et al., 2015; Wang et al., 2015), where volume of 

pollution-related messages was highly correlated with particle pollution levels (Wang et al., 

2015). Furthermore, one study found that Twitter data appears promising for detecting 

smoke pollution from wildfires in California, USA (Sachdeva and McCaffrey, 2018), while 

another study demonstrated that capturing photos posted on social media can supplement 

existing meteorological data and satellite imagery for monitoring haze events in Indonesia 

(Khaefi et al., 2018). More recently a systematic review showcased that data from Twitter 

can provide new opportunities to study health, especially among underrepresented 

geographic areas and at-risk patient groups (Sinnenberg et al., 2017). Finally, we based our 

key search terms about air pollution on terms that have been previously used in the literature 

(Jiang et al., 2015; Wang et al., 2015), and therefore we may not have included a broader 

range of terms that are potentially reflective of air pollutants. While the search terms that we 

employed offer greater certainty that we were capturing true online discussions about air 

pollution, a more comprehensive list of search terms related to health impacts of air 

pollution may have improved our cross-correlation coefficients. Future research is needed to 

determine whether the inclusion of a diverse range of search terms, and in particular search 

terms related to health effects, offer the potential to improve the ability to monitor harmful 

air pollutants using social media data in urban areas.

Despite these limitations, our results demonstrate the potential to use Twitter as a novel 

surveillance approach for detecting temporal changes in air pollution within a densely 

Hswen et al. Page 8

Prev Med. Author manuscript; available in PMC 2020 June 25.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



populated urban area. An important strength is that we removed media tweets from our 

analyses and identified that users’ unsolicited online posts about air pollution could predict 

PM2.5 levels without the influence of news reports. Sentiment analysis of tweets has been 

used to improve prediction of movie box office revenue (Asur and Huberman, 2010), and we 

determined that sentiment could also improve air pollution prediction using Twitter.

The Mayor of London has committed to reducing concentration levels of PM2.5 according 

to WHO guidelines by 2030 (Greater London Authority City Hall, 2018). As part of this 

goal he has urged the public to take action in monitoring air pollution (Greater London 

Authority City Hall, 2018; Mittal and Fuller, 2017). However, costly and technical air 

pollution monitoring systems do not afford the opportunity for each person to take part in 

reporting air pollution hazards. Therefore, it is essential to find alternative methods to 

supplement existing efforts for detecting air pollution. Our study provides an alternative 

method to expensive air quality sensors by leveraging online discussion about air pollution 

on Twitter to track fluctuations in PM2.5 levels consistent with established air monitoring 

systems.

In areas without air pollution monitoring systems, the approach described here may afford 

new opportunities to detect air pollution hazards and prevent health risks to the public. Since 

air pollution monitors only cover certain areas and extrapolation is used to estimate air 

pollution outside monitoring areas, online big data can potentially yield fine-grained details 

necessary to fill in gaps in data from existing reporting systems. This type of citizen-led 

monitoring can be used to better understand the public’s interaction with air quality issues 

and use these discussions as a resource to reduce their exposure or engage the public in 

making changes in their behavior that could lead to improvements in air quality. As such, 

our study highlights an important opportunity for social media to provide a supplemental 

source to assist in the detection and monitoring of air pollution, and to help mitigate 

population health risks.
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Fig. 1. 
Cross-Correlation between PM2.5 levels and non-media tweets about air pollution from 

Greater London, England.
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Fig. 2. 
Cross-Correlation between PM2.5 levels and non-media tweets about air pollution with 

negative sentiment from Greater London, England.
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Fig. 3. 
Cross-Correlation between PM2.5 levels and total tweets about air pollution (tweets 

containing media URL link and non-media tweets) from Greater London, England.
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Fig. 4. 
Cross-Correlation between PM2.5 levels and tweets about air pollution containing media 

URL links from Greater London, England.
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Fig. 5. 
Cross-Correlation between PM2.5 levels and non-media tweets about air pollution with 

positive sentiment from Greater London, England.
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Fig. 6. 
Cross-Correlation between PM2.5 levels and non-media tweets about air pollution with 

neutral sentiment from Greater London, England.
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