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A B S T R A C T   

Fracking has proven to be a contentious issue in Great Britain, receiving wide press coverage from the initial sale 
of exploration and development licences, to the current moratorium. This research tracks the public activity 
online related to this ‘fracking’ journey by analysing over 317 million geolocated tweets from 2015 to 2020, 
mapping their location to compare the spatial distribution against the shale gas exploration sites. To spatially 
normalise the results for population density a χ-squared expectation surface was generated revealing higher than 
expected levels of interest near the previously active fracking site of Preston New Road and licenced extraction 
blocks in Lancashire. The data granularity allows for peaks of activity to be identified and topics analysed at 
higher temporal and spatial resolution than previously possible with more traditional surveys. The paper dem-
onstrates the use of χ-squared expectation surfaces for normalising geotweets and the value of social media 
spatial-temporal analysis for monitoring local involvement in environmental issues, and for monitoring the 
changing level of interest across different regions in reaction to political decisions.   

1. Introduction 

Energy security is high on the policy agenda for governments 
(Watson et al., 2018), brought even more into the public focus since the 
invasion of Ukraine in 2022. In the last decade the USA, Canada, China, 
and Argentina have successfully increased their fossil fuel resources by 
extracting shale gas using hydraulic fracturing, also known as ‘fracking’, 
whereby chemicals and sand are pumped into the porous shale to force 
trapped natural gas into drilled wells (Speight, 2013). The UK set about 
copying this strategy and issued Petroleum Exploration and Develop-
ment Licences (PEDLs) to control the potential extraction sites (Cotton, 
2017). However shale gas extraction is contentious as it involves vertical 
and horizontal drilling that can cause small earth tremors from the de-
livery of chemicals to force out the gas, and can lead to pollution from 
flowback water, as well as industrialise the countryside. 

After sales of PEDLs to companies such as Aurora Energy Resources, 
Ineos, Third Energy, and Cuadrilla, the only UK site to progress to active 
drilling was Cuadrilla’s Preston New Road site, in Lancashire. The Welsh 

and Scottish governments imposed moratoriums on fracking in 2015, 
with Scotland effectively ‘banning’ it in 2017 after public consultation 
(Watterson & Dinan, 2018). This Scottish precautionary stance (Ste-
phan, 2017) was mirrored in 2019 in England, where a moratorium on 
hydraulic fracturing was introduced based on a report from the Oil and 
Gas Authority, and all drilling ceased. 

Social acceptance of a new technology is an important factor in 
determining energy policies and its adoption, which can be a result of 
public discourse (Boudet, 2021). While in some countries, such as 
Turkey, shale gas has been socially accepted for the energy security it 
brings (Kânoğlu-Özkan & Soytaş, 2022), the public response in Great 
Britain has been more hostile leading to a ‘moratorium’ by the UK 
government in 2019 (Devine-Wright et al., 2021). 

Public opinion can be gathered through surveys or interviews but 
these are elicited by researchers and only access limited sections of the 
population, in contract social media posts provide insights on public 
opinion that are spontaneously and publicly expressed. Moreover, they 
allow for fine-grained geospatial analysis of how responses vary by 
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Fig. 1. Preston New Road - the only fracking site to have been active in Great Britain.  

Fig. 2. Tweet Activity mentioning Fracking as a Proportion of all geotweet content in UK from 2015 to 2020.  
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location, including proximity to development sites, and how they evolve 
over time. 

To track the evolving shale gas story through space and time in Great 
Britain this research uses Twitter data from the 5 year period between 
2015 and 2020, with geospatial location attributes showing the Tweet 
origin to be within Great Britain. The research demonstrates how 
χ-squared expectation surfaces can be applied to Twitter data to identify 
areas with higher and lower levels of online related activity for a spec-
ified topic than would be expected. Gaining a better understanding of 
public engagement with policy-relevant topics, such as shale gas 
extraction, will help politicians and governments to respond to the 
multiplicity of issues at regional and national scales. The methods 
developed in this research could be applied to other environmental 
topics (e.g. air pollution, nuclear power, carbon capture and storage) to 
visualise and quantify the spatial and temporal patterns of public 
engagement. 

This paper first summarises the background to hydraulic fracturing 
in Great Britain, before highlighting key research in social media anal-
ysis. This is followed by details of the methods used to process the tweet 
messages to detect any spatial patterns, before presenting the results and 
conclusions. 

2. Background 

Hydrocarbon based energy sources, including oil, gas, and coal, have 
driven the developed world’s machines for decades. As traditional re-
serves are depleted and technology advances alternative resources can 
become more economically viable, such as shale gas. Shale gas is 
considered an ‘unconventional hydrocarbon’, which involves the hy-
draulic fracturing of rock, popularly known as ‘fracking’. The process 
involves drilling horizontal and vertical wells into which chemicals and 
sand are pumped to force out the trapped natural gas from the porous 
shale (Speight, 2013). 

2.1. International reception to fracking 

Internationally fracking has had a mixed reception with differing 
‘impact geographies’ (Haggerty, Kroepsch, Walsh, Smith, & Bowen, 
2018) which result from the perceived environmental risks versus ben-
efits, experience, regional context, and political factors. For example in 
Spain the environmental threat received most attention from local pol-
iticians and local newspapers, leading to negative attitudes in the public 
(Mercado, Alvarez, & Herranz, 2014). In the USA the proximity to active 
sites has been linked to changes in attitude with a ‘goldilocks zone’ in 
which survey respondents near active sites (e.g. < 115 km) have shown a 
more positive support for fracking than those further away (e.g. 115- 
305 km) (Zanocco, Boudet, Clarke, & Howe, 2019). The reasons for the 
YIMBY (‘Yes, In My Back Yard’) responses are attributed to increased 
business and employment opportunities resulting from the operations, 
but may be a result of the survey timings after those opposed to fracking 
have already left the region (Zanocco, Boudet, Clarke, Stedman, & 
Evensen, 2020). 

2.2. Hydraulic fracturing in Great Britain 

Success with the technique overseas, notably in the USA, drove the 
UK government to offer companies the opportunity to purchase inland 
Petroleum Exploration and Development Licences (PEDL) to explore the 
shale gas potential for zoned regions of the UK. It was unclear at the time 
of offering licences if these regions would be economically viable, and 
companies such as Ineos, Cuadrilla, and Third Energy were effectively 
buying permission to test the resource potential in the UK. To date only 
exploration wells have been drilled at a site in Preston New Road by 
Cuadrilla (Fig. 1), and there has not been any commercial production of 
shale gas in the UK. 

The British public have actively debated the ‘fracking’ topic with 
opposition often citing the environmental damage and earth tremors (i. 
e. induced seismic activity) caused by the process as reasons to ‘ban’ it, 
while others consider it will offer economic benefits (e.g. jobs, energy 
security). There is still considerable public ambivalence about shale gas, 
but the potential risks are better known than the benefits (Whitmarsh 
et al., 2015), and it appears from a review of 10 years of public surveys 
that level of public support is decreasing (Ryder, Devine-Wright, & 
Evensen, 2020). As a result of public pressure the UK government has 
introduced moratoriums (i.e. temporary bans) at various times. 

Currently all countries of the UK have an effective moratorium on 
shale gas extraction, with the devolved governments of Scotland, Wales, 
and England having each taken decisions at different times. Scotland 
carried out a public consultation in 2017 which resulted in over 60 
thousand responses, with an overwhelming 86% calling for a permanent 
ban on fracking in Scotland (Government, 2017). The English 2019 
moratorium had public support but the timing may have been linked to a 
political agenda, that of an approaching general election (Devine-Wright 
et al., 2021). 

Discussions on shale gas extraction have been complex and involved 
many different political, industry, environmental and activist groups. 
The following table summarises the major events relating to shale gas 
extract in Great Britain since 2015. 

Table 1 
Key Events related to fracking in Great Britain.  

Date Event Source 

28 Jan 
2015 

Wales and Scotland moratorium on 
fracking 

https://www.gov.scot/pol 
icies/oil-and-gas/unconvent 
ional-oil-and-gas/ 

16 Dec 
2015 

Announcement of the 14th Onshore 
Oil and Gas Licensing Round; 
Fracking approved in National Parks 

https://www.theguardian.co 
m/environment/2015/dec/16/ 
fracking-under-national-parks-a 
pproved-by-mps-amid-acrimo 
ny 
https://www.gov.uk/gove 
rnment/news/new-onshore 
-oil-and-gas-licences-offered 

June 
2015 

Lancashire council refused Cuadrilla 
planning permission to frack at 
Preston New Road, Little Plumpton, 
Roseacre Wood 

https://www.crowdfunder.co. 
uk/the-fracking-threat-to-lan 
cashire-is-growing-daily 

6 Oct 
2016 

Govt. approves fracking at Preston 
New Road 

https://www.crowdfunder.co. 
uk/the-fracking-threat-to-lan 
cashire-is-growing-daily 

Mid- 
2017 

Cuadrilla construction of PNR site 
begins; drilling begins mid 2017 

https://cuadrillaresources.uk/ 
our-sites/preston-new-road/ 

Oct 
2017 

Scottish fracking ‘ban’ vote in 
parliament after public consultation 

https://www.theguardian. 
com/uk-news/2017/oct/03/sc 
ottish-government-bans-frac 
king-scotland-paul-wheelhouse 

4 Jan 
2018 

Aurora leafleted residents of Great 
Altcar about their scoping request to 
Lancashire County Council for Altcar 
Moss site 

https://www.crowdfunder.co. 
uk/the-fracking-threat-to-lan 
cashire-is-growing-daily 

15 Oct 
2018 

Cuadrilla starts fracking at Preston 
New Road, Lancashire 

https://cuadrillaresources.uk/ 
our-sites/preston-new-road/ 

March 
2019 

Cuadrilla move specialist equipment 
on site to prepare 2 wells for further 
hydraulic fracturing 

https://cuadrillaresources.uk/ 
our-sites/preston-new-road/ 

26 Aug 
2019 

GB’s largest fracking related 
tremors, in Lancashire 

https://www.bbc.co.uk/ne 
ws/uk-england-lancashire- 
49471321 

2 Nov 
2019 

GB Moratorium on fracking https://www.gov.uk/governme 
nt/news/government-ends 
-support-for-fracking  
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Consultations of the public attitude to shale gas tend to be at a coarse 
spatial scale and temporal resolution. These are based on snapshot 
surveys, and lack the granularity to monitor local activity relating to 
shale gas opposition or support. Another approach is to analyse Twitter 
data as it gives everyone an opportunity to voice opinion world-wide, 
and can offer fine grained insight into public activity levels related to 
a topic, including retrospectively pre-event. 

2.3. Social media 

Social media has seen one of the fastest adoptions of any online 
platform, with an expected audience of around 6 billion users by 2027 
(Dixon, 2022). Twitter, a micro-blogging platform (Suh, Hong, Pirolli, & 
Chi, 2010), is one of the most dominant social networking platforms 
with over 330 million active users each month (Clement, 2019). Mes-
sage length was limited to 140 characters at launch in 2006 but extended 
to 280 characters in Nov 2017. Accompanying each Tweet message is a 
timestamp, username, screenname, platform used to send the message 
(e.g. Twitter for iPhone, Twitter for Android, Foursquare) and occa-
sionally (<1%) geographic location coordinates. 

The location metadata option was introduced in 2009 with the 
intention of allowing users to filter the stream for local social media 
conversations, its inclusion being dependent on the user settings (Bastos, 
Mercea, & Baronchelli, 2018). The uptake of this feature was fairly low, 
but once a user had enabled location tagging their future tweets auto-
matically included the phone’s location details (i.e. GNSS coordinates). 
With increased awareness of privacy issues Twitter changed its location 

policies in 2019 (Benton, 2019), making it harder to include precise 
location metadata although coarser ‘place’ level of location tagging is 
still available (e.g. a point of interest, region, city), which is defined in 
the metadata as the corner coordinates of a bounding box. Although only 
a low percentage of tweets have location metadata it equates to many 
hundreds of thousands of geolocated messages per day in GB alone, 
given the high volumes of messages sent on the platform. 

Social media has been extensively studied for a wide variety of 
topics, including trend detection (Mathioudakis & Koudas, 2010) and 
disease tracking (Kullar, Goff, Gauthier, & Smith, 2020), for monitoring 
the organisation of protest movements such as the Arab Springs revo-
lutions in 2011 (Meraz & Papacharissi, 2013) and anti-fracking groups 
(Hopke, 2015). One of the reasons for its wide uptake in the academic 
world is Twitter’s Application Programming Interface (API) which al-
lows the automated retrieval of Tweet messages with their metadata. 
The API has developed over time, and currently academics are able to 
apply to use the APIv2 with full access to the historic archive, which 
dates back to the first tweet in 2006. There is also access to a live data 
stream which has been used for event detection, such as discovering live 
music concerts or potential news items (Atefeh & Khreich, 2015; Saeed, 
Abbasi, & Razzak, 2020; Weng & Lee, 2011). The date and timestamp 
metadata has allowed researchers to identify daily temporal patterns of 
activity, from how the scientific community react to new journal pub-
lications (Shuai, Pepe, & Bollen, 2012) to the identification of bots 
(Chavoshi, Hamooni, & Mueen, 2017). Through the Twitter APIv2 it is 
possible post-event (e.g. start of ‘fracking’) to collect pre-event tweets, 
which is important as traditional longitudinal surveys will not usually 

Fig. 3. (a) Tweets per day (b) Distinct Users Tweeting per day (c) Ratio of Tweets to Users per day.  
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begin until after notable events by which time opponents may have 
already moved away, resulting in biased findings (Zanocco et al., 2020). 
Twitter also supports follower and following relationships, which can be 
used to derive social networks (Borge Bravo & Esteve Del Valle, 2017), 
although not explored in this research. 

2.4. Clustering twitter data 

Point data, such as geotweets, can be analysed for spatial patterns 
using clustering methods such as K-Means, DBScan, and Kernel Density 
Estimation (KDE) to reveal zones of activity. For example DBScan was 
used with Twitter data to detect trending events (Capdevila, Pericacho, 
Torres, & Cerquides, 2016), K-Means to gain a better insight into the 
meaning behind hashtags (Muntean, Morar, & Moldovan, 2012), and 
KDE to predict crime (Gerber, 2014). 

K-Means is one of the most commonly used clustering algorithms, for 
which the desired number of classes to be found is specified (Yadav & 
Sharma, 2013). The algorithm is non-deterministic, meaning that the 

outputs can vary each time it’s run for the same input data. The algo-
rithm is not so well suited to noisy data as it attempts to classify each 
point, and does not allow the user to set the maximum Euclidean dis-
tance between points beyond which they are not considered from the 
same group. Therefore for spatial data analysis the Density-Based Spatial 
Clustering of Applications with Noise (DBScan) is often used. This is an 
unsupervised clustering technique requiring two parameters, a 
threshold distance (i.e. Euclidean distance) and minimum number of 
points (Ester, Kriegel, Sander, & Xu, 1996). The method is robust to 
outliers, and does not require the number of clusters to be specified in 
advance. 

Clustering reveals ‘hotspots’ based on raw data which reflects the 
underlying population, in this case the distribution of Twitter users. 
Another approach to summarise point data is to create a lattice (e.g. 10 
km by 10 km grid of cells) and count the number of events (e.g. geo-
tweets) within each cell. This reveals the user population distribution 
but an additional step can be added to normalise the results for any 
subset of tweets related to a particular topic, such as those related to 

Fig. 4. Twitter activity from 2015 to 2020 in Great Britain (a) all geolocated tweets (b) counts related to ‘fracking’.  

Fig. 5. Worked example of chi-squared surface expectation calculation (F = fracking related tweets in a cell; T = total tweets in a cell).  
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‘fracking’. A similar approach was taken in research that used Flickr data 
to determine ‘tranquil’ regions, where a χ-squared expectation surface 
was calculated to visualise the regions with higher numbers of tagged 
images (Wartmann & Mackaness, 2020). This method takes into account 
the total number of tweets in the dataset as well as the ratio of tweets in 
each grid cell which relate to the topic. This method can be used with 
geo-tagged tweets to gain a better understanding of regions with higher 
than expected activity (i.e. online ‘fracking’ related activity) taking into 
account the background user population distribution. 

2.5. Research questions 

The objectives of this research are to demonstrate if geotweets are 
able to capture spatial and temporal trends in public engagement with 
‘fracking’. Two theories to be tested are that online activity is predicted 
by location according to theories of place identity (Hauge, 2007), in that 
people close to drilling sites will be more engaged online. Secondly that 
tweet activity will increase immediately following a relevant political or 
media event, as the public perceive and interpret associated risks ac-
cording to the social amplification of risk theory (Kasperson et al., 
1988). 

3. Data collection and storage 

Twitter supports a number of Application Programming Interfaces 
(APIs) to request subsets of data, about user accounts, historic tweets, or 
access to the live data stream as Tweets are sent (Streaming API). For 
this research tweets from the period from 3 March 2015 until 3 March 
2020 (5 years) totalling 317 million geotweets were analysed for GB, of 
which 25,196 related to fracking based on the definition that the 

message contained ‘frack”, ‘shale gas’, or ‘hydraulic frac’. This filter also 
includes messages that contain partial matches, such as ‘fracking’, 
‘hydraulic fracturing’, ‘hydraulic fractured’ and so on. 

While geotweets make up only a small fraction of all tweets there 
were still 200,000 tweets per day on average within the study region 
covering a wide range of subjects. Of these around 40 thousand per day 
were GNSS location (i.e. high spatial resolution) in mid-2015, dropping 
to 13 thousand per day in 2019, and totalling 61 million (19%) of the 
dataset. The additional geotweets are located to a coarser ‘place’ level 
which corresponds to a city, famous point-of-interest, or an area. 

3.1. Database tuning 

To perform the spatial and temporal analysis the tweet dataset was 
loaded into a PostgreSQL database, configured to maximise performance 
through enabling parallel workers, maximising memory usage, and 
moving the WAL (Write Ahead Log) to a 1 TB NVME (non-volatile 
memory express) drive with a write performance of 3500 MB/s. The 
data tables were distributed across three tablespaces each on a separate 
physical disk, totalling just over 1 TB of storage space including the 
indexes. As well as spatial and date indexes, a gin index was used with 
trigrams to support matching of partial Tweet messages (as below), 
which greatly improved search performance. 

Although generating the index takes a long time on 317 million re-
cords the benefits outweigh the costs given the dataset was being ana-
lysed as read only (i.e. SELECT SQL statements) and not updated. 

This gin index is used by PostgreSQL when using ilike case 

Fig. 6. χ-squared surface expectation for fracking related tweet activity - showing regions with higher and lower than expected numbers of tweets.  
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insensitive wildcard searches, as shown below, to significantly increase 
search performance. 

4. Analysis and results 

This section covers the temporal, spatial and textual analysis of the 
tweets dataset, highlighting significant related events in the GB shale gas 
timeline. The likelihood of automated bulk messaging (i.e. bots) is also 
addressed through comparing the number of daily messages against the 
number of daily distinct users, based on the Twitter account used to send 
each tweet. 

4.1. Temporal 

Twitter data reveals natural cycles from people’s daily and weekly 
routines, but by normalising the total number of fracking related tweets 
by the total number of tweets collected each day it is possible to identify 
periods of greater online activity (Fig. 2). There are a number of obvious 
peaks which tie in with significant newsworthy events (labelled items a- 
g), also identified in Table 1. Notably the peaks tend to be very short 
lasting, with the exception of the sustained higher activity period [d] 
when Cuadrilla started fracking at Preston New Road in Lancashire. 

4.1.1. Distinct users 
Twitter results can be impacted by very active users or ‘software 

bots’ through automated bulk sending of messages. Natural language 
processing has been used in an attempt to find patterns of language use 
and identify bots (Allen, 2003; Nadkarni, Ohno-Machado, & Chapman, 
2011), but another approach is to group the tweets by date and then 
calculate the number of distinct users (based on Twitter account names) 
sending the messages. 

Analysis of the geotweets shows that there were 3.5 million distinct 
users in the dataset of which 9.3 k distinct users mentioned ‘fracking’ 
related content. Those 9.3 k users sent an average of 2.6 tweets per 
account related to fracking, with the 12 most active accounts sending 
over 100 tweets each. The daily ratio of messages to distinct users gives a 
clear indication of when a few users, possibly bots, have swamped the 
channel with content. Fig. 3 shows a chart of these results over the 5 year 
period, at the top the number of tweets related to ‘fracking’ each day, in 
the middle the number of unique usernames sending related tweets per 
day, and at the bottom the ratio of tweets per user per day. 

Around July 2019 there is an obvious change in the ratio of tweets 
per user per day (see Fig. 3c), which on investigation revealed a single 
account had been used to send many tweets. This account was identified 
and removed from further analysis. 

4.2. Spatial 

Geotweets report location as either a point coordinate sourced from 
the phone’s GNSS (e.g. GPS), or a place tag (e.g. York) defined as a 
bounding box. Analysis of the place tag bounding boxes revealed that 
68% were under 100km2 (e.g. 10 km × 10 km), and 84% under 400km2. 
For analysis purposes the centroid coordinate was used to represent the 
place regions, so that all calculations are based on point data. 

The spatial distribution of all 317 million geotweets point locations 
were aggregated into 10 km by 10 km cells, revealing the densely 
populated urban centres as shown in Fig. 4(a). However only a small 
percentage of these relate to ‘fracking’, with the distribution shown in 
Fig. 4(b). 

To understand the population’s interest and online activity in the 
topic it’s necessary to normalise the ‘fracking’ related data as a pro-
portion of all Twitter activity to take account of the variations in the 
Twitter user population density across GB. 

Fig. 7. Consistency of fracking related Twitter activity, showing regions that are consistently higher/lower than expected, and those which fluctuate or are as 
expected in years 2015–2020. 
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4.3. Chi-squared output 

Normalisation is required to take account of the variability of the 
twitter user density across GB, otherwise ‘hot spots’ will most likely be a 
result of highly populated urban regions. One approach is to take ac-
count of the Twitter population (i.e. the 317 M tweet locations) by 
calculating a χ-squared expectation surface. This approach was used by 
Wartmann and Mackaness (2020) to find regions of tranquillity based on 
Flickr data, as it takes into account the distribution of expected location 
(exp) in each grid cell and the observed number (obs) of event related 
records in each cell. In our case the expected is the total number of 

geotweets in a grid cell, and the observed number is calculated as the 
total number of all tweets divided by total number of fracking related 
tweets, multiplied by the number of fracking related tweets in the cell. A 
worked example for 4 grid cells is shown in Fig. 5. 

For this research cells with positive values have greater activity 
related to ‘fracking’ than would be expected, while negative results 
indicate less activity than expected, and values around 0 showing a level 
of activity proportionate to expectations. Fig. 6(a) maps the results, 
showing greater than expected interest in fracking around Lancaster 
(Lancashire), and lower than expected in Birmingham, Newcastle and 
London. 

Fig. 8. Number of distinct users per grid cell over 5 years mentioning fracking keywords normalised by unique usernames from all tweets in the cell (shown 
as quartiles). 

Fig. 9. Top hashtags used over the study period, grouped by topics.  
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To identify the largest contiguous regions of high activity DB-SCAN 
was used with an epsilon of 20 km, ensuring it spanned across 10 km 
grid cells. The 3 largest clusters of above expected online activity are 
overlaid on the PEDL areas in Fig. 6(b). Notably the top 2 clusters are 
situated in the largest PEDL blocks, indicating a greater interest in the 
topic from the public in those regions. The third cluster is based in 
Scotland, which is not near a PEDL block, but reflects the ongoing anti- 
fracking debate and subsequent moratorium (see Table 1). Based on 
these findings it appears that the local community near the active shale 
gas extraction site, and the neighbouring regions, are the most active 
online regarding this topic. An alternative theory could be that pro-
testors move into a region and send tweets from near the site, and this is 
examined in more detail in Section 4.4. 

An additional consideration is that the location metadata may refer 
to the user’s location reported by the device’s coordinate at the time of 
sending the tweet, or the user may set a place relevant to the message 
content. To explore this further another χ-squared expectation surface 
was calculated based on the subset of geotweets which the metadata 

reported as ‘precise’, based on the user’s phone’s GNSS coordinates 
which is not easy to spoof. A correlation of 0.699 (p-value <0.0001) was 
found between this expectation surface and that using all geotweets, 
with the same pattern of higher activity around Lancashire, and a lack of 
activity around London. The notable differences relate to a greater 
coverage in the full dataset, as GNSS located tweets corresponded to just 
19% of the dataset. The correlation and high significance demonstrate 
that the full dataset exhibits the same χ-squared expectation surface 
trends across the country, and gives re-assurance that the results shown 
in Fig. 6(a, b) relate to the location of the user sending the tweet rather 
than tagged news event locations. 

4.4. Activity levels over time 

Fig. 6 shows a summary of spatial activity across GB but does not give 
any indication if these have been brief or sustained online localised 
campaigns. Therefore a new method was developed to visualise the re-
gions of sustained higher/lower online interest than would be expected, 

Fig. 10. Most common locations mentioned in ‘fracking’ related tweets from 2015 to 2020.  

Fig. 11. Mapping the send location of ‘fracking’ geotweets that included a place name.  
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by time-slicing the data using a moving 12 month time-window, incre-
mented in 1 month steps. A new χ-squared expectation surface was 
created for each time-step, and the values for each cell (10 km by 10 km) 
were totalled across all of the time-slices. Resulting large positive 
numbers indicate a sustained higher than expected online activity for 
the cell, while large negative numbers reflect consistently lower than 
expected activity. For cells with a sum of near zero there had been about 
the expected level of activity online, or a great deal of fluctuation in 
interest. 

Fig. 7a shows the mapped output, revealing regions which have had 
sustained interest in fracking related topics within the dataset. To 
illustrate the temporal variations two grid cells with extreme results 
were selected (Fig. 7b), Lancashire (marked on the map as þ) and 
London (marked with □). Fracking was mentioned in tweets at these 
locations on 400 separate days over the 5 year study period, and for 99% 
of that time (396 days) the Lancashire location had a greater percentage 
than the London location, concurring with the map output. The chart 
shows that Lancashire sustained higher ratios of fracking related tweets 
by a large margin on many occasions. 

While each peak of activity may be brief, as shown in Fig. 2, the 
overall sustained levels of online participation in ‘fracking’ related dis-
cussion are higher in the top 3 regions illustrated in Fig. 6(b). Notably 
Lancashire (i.e. Preston New Road’s once active drilling site) shows a 
sustained higher than expected interest, while London and Newcastle- 
upon-Tyne exhibit a sustained lower than expected interest on social 
media. This would support the ideas of place theory with those located 
nearer the site having a greater attachment and sense of place, while the 
other more distant urban centres are comparatively less interested even 
though as a potential energy source it could have an impact on their 
future living costs and energy security. 

4.5. Spatial pattern of distinct users 

The previous maps show the spatial activity on Twitter related to 
‘fracking’ based on numbers of tweets, but another measure of activity is 
to calculate the number of distinct user accounts discussing ‘fracking’ 
topics at the 10 km cell resolution as a ratio of the total number of 
distinct users within that cell. The spatial distribution is similar to that 
shown in Fig. 6, revealing a higher number of engaged users clustered in 
Scotland and around the only previously active drill site in Lancashire, 
while notably the city of London is proportionally less engaged. The 
resulting map, Fig. 8, shows the regions with the highest proportion of 
users mentioning ‘fracking’ topics over the 5 year period. 

In addition to the temporal and spatial aspects of geotweets is the 
content of the tweet messages including hashtags, frequently used terms, 
and mentions of other locations. 

4.6. Text analysis of tweets 

Examination of the account names taking part in the debate reveal 
there to include environmental activists, politicians, media, and anti- 
fracking groups. The most basic text analysis for tweets is to calculate 
hashtag frequencies over time. Fig. 9 shows the results of grouping 
hashtags by common topic areas for the ‘fracking’ tweet subset with at 
least 50 mentions. The majority of social media messages are ‘anti- 
fracking’ related, with mentions of Brexit being connected to the 
fracking debate. There was an increase in the use of the fracking and 
environmental related hashtags particularly ‘#climateemergency’, 
‘#singleuseplastic’ and ‘#waronplastic’ in 2019 Q2. Hashtags which 
relate to places (e.g. Sherwood) occur fairly consistently, and can be 
examined in further detail using Natural Language Processing (NLP). 

Fig. 12. The most common regional and GB wide terms related to fracking on Twitter.  
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Named Entity Recognition (NER) is a part NLP which identifies place 
names using AI based on sentence structure, rather than comparing 
words against a gazetteer. The Python FLAIR library1 was used to pro-
cess the tweets, due to its ease of use and state-of-the-art NLP perfor-
mance, to find place names in the message content. NER is not faultless 
and sometimes place names identified in some messages were missed in 
other tweets based on the sentence phrasing. To overcome this the tweet 
messages were processed using NER to identify locations mentioned, 
and then this list of place names was used with SQL to count all the 
related tweets, ensuring all occurrences of the place names were located 
within the dataset. 

The results of the most commonly mentioned places from the 
‘fracking’ related tweets, mentioned twenty or more times in a quarter, 
are shown in Fig. 10. The ‘UK’ and ‘Lancashire’ are mentioned fairly 
consistently throughout the study period, while other places experience 
peaks of interest such as Scotland in 2017 Q4 when there was a public 
debate and ‘ban’. As well as PEDL sites (e.g. Blackpool, Lancashire, Kirby 
Misperton, Preston) there are political locations (e.g. Westminster) and 
country level mentions (e.g. Scotland, England, Ireland). The morato-
riums of Scotland (2017Q4) and England (2019 Q4) result in peaks of 
those place terms, but despite the larger English population the peak is 
half the size of the Scottish one. The highest variety of place mentions 
was in 2018 Q4, which co-insides with the start of Cuadrilla’s test 
drilling at Preston New Road. 

Mapping the locations of the tweet message that mention these place 
names in the message, shows that the conversations are mainly local, 
that is messages mentioning ‘Blackpool’, ‘Eckington’, ‘Kirby Misperton’ 
and so on are mostly sent by people from those areas (Fig. 11). The 
exceptions are ‘Westminster’ which has a hotspot in Glasgow as well as 
London from UK based political discussions, and ‘Argentina’ which is 
dominated by the south coast and London. ‘USA’ is spread across GB’s 
urban regions as is use of ‘England’, however inclusion of ‘Scotland’ is 
more localised to the Scottish cities. Fig. 11 shows the results using 
Kernel Density Estimation to create the heatmaps, with each map using 
its own relative symbology range. As a result it is not possible to draw 
absolute comparisons between the hotspot values of different maps (e.g. 
‘Argentina’ relative to ‘UK’), however such quantity comparisons can be 
made using Fig. 10. 

A final analysis was carried out at five locations across GB to find the 
top most common terms used in messages, once ‘fracking’ and stop 
words were removed. Stop words (e.g. a, the, of) can be removed in 
PostgreSQL using the ts_vector function, which is part of the full text 
searching tools. 

Fig. 12 shows the results, sorted in order at each location from most 
to least frequently used terms. The Scottish location references the 
current political party in power and its leader (‘SNP’, @nicolasturgeon) 
and rival politician (‘@georgegalloway’), as well as ‘grangemouth’ a 
town with an oil refinery run by ‘INEOS’. Further south near York are 
mentions of a local anti-fracking group (f_f_ryedale - the account for 
Frack Free Ryedale) and the local nature reserve of ‘Sherwood Forest’. 
To the west in ‘Lancashire’ the energy company ‘Cuadrilla’ are most 
mentioned along with the site they used for test drilling (‘Preston’) near 
‘Blackpool’. The two other locations in South England mention political 
parties (@thegreenparty, @conservatives, tories) and politicians 
(@Theresa_may, @richardbenyonmp), the Extinction Rebellion global 
action movement (@extinctionr) and other anti-fracking and UK 
campaign groups (e.g. @frackfreelancs, @frackfreemps), and investi-
gative journalist (@ruthhayhurst). In summary Scotland is mostly con-
cerned about Scottish locations and politics, the north of England mainly 
mentions locations and companies involved in the fracking, and the 
south is more politically orientated. 

The results of this research reveal those near the large PEDL regions, 
and especially the actively drilled site (Lancashire), were more active 

online than would be expected based on the Twitter population density. 
This is probably as they have a greater ability to identify with the places 
and perceive any risks as more immediate threats. The content of mes-
sages were most commonly associated with anti-fracking and environ-
mental issues, with those nearer the activity mentioning details of 
locations and companies, while elsewhere comments were more 
generalised. There were peaks of online activity which link closely to 
political and environmental events, although with the exception of the 
start of fracking at the Lancashire site the peaks were short-lived. It was 
also notable that Scotland had its own cluster of highly active users, with 
content mentioning companies, Scottish locations, and local political 
figures. 

5. Conclusions and future work 

This research has, for the first time, investigated the ways that 
fracking social media discourse has evolved over time and across space 
in Great Britain. The study analysed 317 million tweets from 2015 to 
2020 to reveal the public’s online engagement with ‘fracking’ and ‘shale 
gas’ related topics. Activity online closely mirrored the key political and 
newsworthy events such as the devolved moratoriums, tremors from test 
drilling, and generally these associated activity peaks were short term. 

Regional differences were mapped using a χ-squared expectation 
surface to normalise the output, to take account of the variation in 
Twitter user population density across GB. Regions of higher than ex-
pected online activity relating to ‘fracking’ coincide with the largest 
PEDL areas, and only active UK shale gas extraction site (Preston New 
Road, Lancashire). A Scottish cluster can be attributed to political 
events, based on examining the tweet messages (e.g. ‘…Scottish fracking 
ban…’). Those in London and the south of Great Britain were propor-
tionally less active than would be expected taking into account the user 
population sizes. 

The use of a novel time-sliced χ-squared expectation surfaces 
revealed the spatial regions where interest levels had remained either 
higher or lower than expected for extended periods, showing that those 
near Preston New Road had a prolonged heightened involvement in the 
topic. Mapping the top terms shows spatial variation from the more 
specific content at local level near the once active site, compare to more 
generalised political content elsewhere. 

While Twitter is a social media platform used by a subset of the 
population it does offer some advantages over other interview and 
longitudinal study approaches in gaining an insight into a population’s 
engagement with environmental topics. It offers an ability to listen in to 
opinions without any forewarning and possible induced topic bias, and 
the opportunity to check pre-event comments from after an event has 
happened. This is contrary to longitudinal studies which often gather 
opinions post-event at which time those strongly opposed to a move-
ment may have already left the region. 

The spatial, temporal, and textual dimensions of this research 
combine to reveal that the people nearest ‘fracking’ sites were the most 
active online for sustained periods, with peaks during the bigger envi-
ronmental and political events. Not only were the number of tweets 
greater than expected in those regions, but also the number of distinct 
users taking part was the highest in the country giving some indication 
of the connection to ‘place’ felt by that community. In contrast London 
has demonstrated a sustained lower level of online activity, and 
disconnection from the topic. Many of the texts about fracking 
mentioned other environmental issues such as ‘war on plastic’ and 
‘climate emergency’, as well as the companies involved in drilling. The 
most commonly used terms had local connections, and places mentioned 
in the tweets showed a common theme of the PEDL regions and political 
centres. 

The combination of analytical approaches in this paper offers a 
meaningful way of understanding public engagement with a policy- 
relevant topic that would be expected to be geospatial influenced. 
Such insights are useful for how the national and devolved governments, 1 https://github.com/flairNLP/flair 
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and individual MPs focussed on their constituencies to understand the 
multiplicity of issues and respond to issues. 

Future work could apply these methods to other contexts (e.g. USA), 
or combine this social media based approach with other methods such as 
local case study research, and longitudinal surveys. There is also scope 
to track anonymised individual actors in the Twitter dataset to plot their 
journeys spatially and to monitor engagement frequencies and attrition 
rates. Furthermore connections between the various online parties could 
be examined through network analysis of Twitter account follower 
relationship, to find out more about the existence and importance of 
news echo-chambers. 
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