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ABSTRACT
People’s attitudes towards hydraulic fracturing (fracking) can be shaped by socio-demographics, 
economic development, social equity and politics, environmental impacts, and fracking-related 
information. Existing research typically conducts surveys and interviews to study public attitudes 
towards fracking among a small group of individuals in a specific geographic area, where limited 
samples may introduce bias. Here, we compiled geo-referenced social media big data from Twitter 
during 2018–2019 for the entire United States to present a more holistic picture of people’s 
attitudes towards fracking. We used a multiscale geographically weighted regression (MGWR) to 
investigate county-level relationships between the aforementioned factors and percentages of 
negative tweets concerning fracking. Results indicate spatial heterogeneity and varying scales of 
those associations. Counties with higher median household income, larger African American 
populations, and/or lower educational level are less likely to oppose fracking, and these associa
tions show global stationarity in all contiguous US counties. Eastern and Central US counties with 
higher unemployment rates, counties east of the Great Plains with less fracking sites nearby, and 
Western and Gulf Coast region counties with higher health insurance enrolments are more likely to 
oppose fracking activities. These three variables show clear East-West geographical divides in 
influencing public perspective on fracking. In counties across the southern Great Plains, negative 
attitudes towards fracking are less often vocalized on Twitter as the share of Republican voters 
increases. These findings have implications for both predicting public perspectives and needed 
policy adjustments. The methodology can also be conveniently applied to investigate public 
perspectives on other controversial topics.
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Introduction

People’s attitudes towards fracking are influenced by 
a variety of factors. The key factors that contribute to 
people’s approval of fracking activity include the public’s 
trust in local, state and federal governments, knowledge 
about the fracking process, fracking as a personal 
income source, and so forth (Klass 2015; Truong, 
Davidson, and Parkins 2019). Conversely, the main fac
tors that contribute to negative attitudes include con
cerns over environmental impacts and fracking role in 
delaying the pursuit of cleaner, carbon free energy alter
natives, etc. (Yan et al. 2020). All of these potential 
factors can be categorized into five groups: socio- 
demographics, economic development, social equity 
and politics, environmental impacts, and fracking- 
related information obtainment. These will be reviewed 
in detail in the next section.

There currently is a dearth of research considering 
factors from multiple categories together to understand 
their associations with people’s attitudes towards frack
ing. Residents living closer to a hydraulic fracking well 
may be exposed to higher levels of water and air pollu
tion, and could therefore experience increased health 
risks (Meng and Ashby 2014). People’s geographical 
proximity to fracking regions could potentially affect 
their attitudes towards fracking, but this relationship 
remains understudied. Moreover, the influence of these 
factors may operate at different geographical scales, and 
the aforementioned associations can vary across geogra
phical regions. This study fills this literature gap by 
investigating the associations between these factors 
and people’s attitudes towards fracking at the county 
level across the United States.

Most existing research relies on surveys or interviews 
for data collection, which tends to include limited 
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population samples (Bayer and Ovodenko 2019; Boudet 
et al. 2014; Mehany and Guggemos 2015). For a better 
representation of the entire population, other data col
lection methods that can cover more samples in a large 
spatial-temporal scale are needed. Social media, a group 
of interactive Web 2.0 Internet-based applications, has 
constructed virtual communities for users to create and 
share user-generated content (Kaplan and Haenlein  
2010; Kietzmann et al. 2011). Social media has attracted 
a large user population who create massive digital foot
prints; many social media platforms (such as Twitter, 
Facebook, and Instagram) also support geo-referenced 
information sharing (Gong and Yang 2020). The crowd- 
sourced, high-volume, geo-referenced, and open source 
social media data are available at a much lower cost, 
faster speed, and larger amount in comparison to tradi
tional data collection methods such as surveys and cen
suses (Rizwan, Wan, and Gwiazdzinski 2020). Social 
media data, as a type of emerging spatial big data, 
provide an unprecedented opportunity for uncovering 
the spatial-temporal patterns of human behaviour and 
attitudes at a large scale (Gong and Wang 2021; Liu et al.  
2021). Twitter is popular among social media users 
because of its shorter messaging (up to 280 characters), 
directed-following, and retweeting features can facilitate 
faster information dissemination and better user inter
actions (Gong and Lane 2020; Gong and Ye 2021; 
Huberman, Romero, and Wu 2008; Kwak et al. 2010). 
Therefore, Twitter is a useful social media platform to 
collect large samples of people’s attitudes towards frack
ing activities across a large geographic area in this study.

This study innovatively compiled geo-referenced 
social media big data from Twitter during 2018–2019 in 
the United States to analyse public perspectives on 
fracking from geographical lenses. It addresses two 
research questions: (1) which factors have significant 
influences on people’s attitudes towards fracking as 
expressed on Twitter; and (2) what is the degree of 
spatial heterogeneity and scales of those influences. 
These findings have implications for predicting public 
perspectives and making adjustments in related policies. 
The methodology of this study can also be conveniently 
applied to investigate public perspectives on other con
troversial topics.

Related literature

We have synthesized the factors that may affect atti
tudes towards fracking into five general categories: 
socio-demographic factors, economic development fac
tors, social equity and politics factors, environmental 
impact factors, and information obtainment factors. 

These categories and their subcategories are listed in 
Table 1.

Socio-demographic factors include gender, age, and 
education. Truong, Davidson, and Parkins (2019) and 
Boudet et al. (2016) find that males tend to have 
a more positive attitude to fracking than females of the 
same age group, especially for the age group from 35 to 
50. This pattern may be because of a predominantly 
male workforce in the energy sector (Truong, Davidson, 
and Parkins 2019). Generally, younger age groups are 
more likely to be against fracking than older ones 
(Boudet et al. 2016; Jacquet 2012; Yu et al. 2018). 
Education is a debated predictor for public perspectives 
on fracking. Some studies argue that college-educated 
people tend to support fracking activity (Boudet et al.  
2016; Pierce et al. 2018), yet other research shows exactly 
the opposite relationship (Jacquet 2012).

Economic development factors impacting public atti
tudes towards fracking include the availability of other 
natural resources to offset the demand for fracking, 
income level and source, unemployment rate, and pov
erty rate. In the UK, many people tend to rely on other 
natural resources (e.g. nuclear and wind energy) as 
a replacement for fracking to meet increasing energy 
demands, so other natural resources may play a role in 
negatively affecting people’s attitudes towards fracking 
(Howell 2018). Pierce et al. (2018) found that people with 
higher median household income tend to be more sup
portive of fracking. A person’s source of income may also 
play an important role. For example, in the United States, 
some landowners who signed lease agreements with oil 
companies receive economic incentives from fracking 
activities, which sometimes became their main source 
of income (Bomberg 2013). Such households are less 
likely to oppose fracking or the oil and gas industry 
writ large (Kriesky et al. 2013).

Unemployment rate is a debated factor in influencing 
people’s attitudes towards fracking. Barnes (2013) and 
Zirogiannis et al. (2015) find that greater unemployment 
rates encourage support for fracking; however, Walsh, 
Bird, and Heintzelman (2015) find unemployment rates 
have no significant impact on public perspectives. 
Regarding the poverty rate, other studies show that 
people living in states with higher poverty rates are 
more likely to support fracking than affluent ones 
(Howell et al. 2017).

Attitudes towards fracking may also be influenced by 
issues surrounding social equity, local and state energy 
policies, economic nationalism, and political partisan
ship. Social equity refers to the equitable distribution 
of social wealth and resources. Fracking has had dispro
portionate costs and benefits for different groups of 
people, particularly in terms of the inequitable 
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distribution of negative externalities on marginalized 
populations (Wakefield 2020). For example, more than 
one million African Americans live within a half mile of 
existing natural gas facilities and face an elevated risk of 
cancer and asthma due to toxics emitted by natural gas 
development (Schneider et al. 2017). In response, anti- 
fracking movements organized by African American 
communities in New York, for example, have forced 
government leaders to address environmental problems 
from oil and gas sector (Wakefield 2020). The energy 
policies vary across scales where state governments 
tend to favour economic development and increasing 
employment rates while local governments tend to bal
ance economic benefit with environmental protection 
(Davis 2017; Howell 2018). These policy variances could 
have influences on individuals’ attitudes towards frack
ing, so state-level approval of fracking can be at odds 
with local approval (Howell 2018). Attitudes can also be 
influenced by perceptions of economic nationalism; for 
example, concerns over energy security or mistrust of 
specific foreign companies overshadow environmental 
concerns and lead to relatively positive attitudes 

towards domestic shale gas production (Jaspal, Nerlich, 
and Lemańcyzk 2014; Howell 2018; Lachapelle, Kiss, and 
Montpetit 2018). Generally, fracking encounters consid
erably greater scepticism among Democrats and has 
relatively more support among Republicans (Lee and 
Clark 2020). However, this relationship is not entirely 
consistent across the United States (Brown et al. 2013; 
Lee and Clark 2020).

The environmental impacts of fracking take two 
main forms. First, because fracking produces a huge 
amount of contaminated wastewater as a byproduct, 
the negative environmental health impacts associated 
with the process are diverse when wastewater is 
improperly managed (Christenson, Goldfarb, and 
Kriner 2017). Second, municipal and agricultural water 
supplies near fracking operations may become con
taminated or depleted (Brasch 2016), leading to dimin
ished agricultural productivity and that may be linked 
to increased cancer incidences in nearby communities 
(Brasch 2016). Critics of fracking argue that the long- 
term environmental health ramifications of fracking 
overshadow the short-term economic benefits (Brasch  

Table 1. Factors affecting people’s attitudes towards fracking activities.
Factor categories Factors Relationship with people’s attitudes toward fracking from literature

Socio-demographic 
factors

Gender and Age ● Females: more likely negative attitude; Males: relatively positive attitude (Boudet et al. 2016; Truong, 
Davidson, and Parkins 2019) 

● Males in age group from 35 to 50: relatively positive attitude (Truong, Davidson, and Parkins 2019) 
● Younger people: relatively negative attitude; Older people: relatively positive attitude (Boudet et al. 2016; 

Jacquet 2012; Yu et al. 2018)
Education ● People with bachelor’s degree or higher: relatively positive attitude (Boudet et al. 2016; Pierce et al. 2018) 

● People with bachelor’s degree or higher: relatively negative attitude (Jacquet 2012)
Economic 

development 
factors

Other natural 
resources

● People holding idea that clean energy (such as nuclear and wind energy) can be alternatives: relatively 
negative attitude toward fracking (Howell 2018)

Income level and 
source

● People with a higher income: relatively positive attitude (Pierce et al. 2018) 
● Landowners who approve fracking and other energy projects that they can get benefits from renting their 

land: relatively positive attitude (Bomberg 2013; Kriesky et al. 2013)
Unemployment rate ● People in counties with a higher unemployment rate: relatively positive attitude (Boudet et al. 2016)

Poverty rate ● People in counties with higher poverty rates: relatively positive attitude; Counties with lower poverty rate: 
relatively negative attitude (Howell et al. 2017)

Social equity and 
politics factors

Social equity ● Inequitable distribution of health risk due to fracking caused some anti-fracking movements by people of 
colour (Wakefield 2020)

Energy policy ● People who approve state energy policy: relatively positive attitude; people who approve local 
environmental policy: relatively negative attitude (Davis 2017; Howell 2018)

Economic 
nationalism

● People’s concerns over energy security or mistrust of specific foreign companies: relatively positive 
attitude toward domestic shale gas production (Howell 2018; Jaspal, Nerlich, and Lemańcyzk 2014; 
Lachapelle, Kiss, and Montpetit 2018). 

● People hold strong positive attitudes in Poland (Jaspal, Nerlich, and Lemańcyzk 2014)
Partisanship ● Republicans: relatively positive attitude; Democrats: relatively negative attitude; this relationship is not 

entirely consistent (Lee and Clark 2020)
Environmental impact 

factors
Contaminated 

wastewater

● People holding the idea that wastewater is not handled adequately: relatively negative attitude 
(Christenson, Goldfarb, and Kriner 2017)

Contaminated 
water supplies

● People considering fracking will contaminate water supply: relatively negative attitude (Brasch 2016; 
Howell 2018)

Information 
obtainment factors

Familiarity ● People who have more knowledge or people who think they are very familiar with fracking process: 
relatively positive attitude (Kriesky et al. 2013) 

● People who have limited knowledge about fracking or never heard of fracking: relatively negative attitude 
(Stedman et al. 2016)

Media ● Cable news: People hold both positive and negative attitudes, because cable news coverage of topics 
varies across states (Gearhart, Adegbola, and Huemmer 2019) 

● TV news and newspaper: people who read newspapers more than once per week are more likely to oppose 
fracking, but people who watch TV news more than once per week are more likely to support fracking 
(Boudet et al. 2014)
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2016), a problem that is compounded by the fact that 
states regulate and market water within a different 
regulatory framework that parallels the fracking indus
try (Howell 2018).

Information obtainment factors that influence pub
lic perspectives on fracking include people’s familiar
ity with the fracking process and the media platforms 
they use to receive information. While research sug
gests that people with more knowledge of the frack
ing process tend to support it, they are also more 
likely to actively work in the energy sector or be close 
to someone who does (Kriesky et al. 2013). 
Conversely, people who have limited knowledge 
about fracking tend to be against the practice 
(Stedman et al. 2016). The mechanisms by which 
people receive information are also important 
because they can inform people about fracking and 
guide their approval or disapproval (Gearhart, 
Adegbola, and Huemmer 2019). Similarly, cable news 
generally fails to enhance people’s limited knowledge 
about fracking, because such outlets tend to use 
thematic frames when reporting, further entrenching 
people’s existing attitudes (Gearhart, Adegbola, and 
Huemmer 2019). Boudet et al. (2014) also found that 
people who read newspapers more than once per 
week are more likely to oppose fracking, but people 
who watch TV news more than once per week are 
more likely to support it.

Data and method

This study collected geo-referenced fracking-related 
Twitter data during 2018–2019 for the entire United 
States, categorized the sentiments of tweets using 
a machine learning approach, and used a multiscale 
geographically weighted regression (MGWR) to investi
gate county-level relationships between the contribut
ing factors and percentages of negative tweets 
concerning fracking.

Data collection

Data on fracking sites was collected from FracFocus 
(2021), an online repository of about 175,000 fracking 
site disclosures in the United States. The data used in this 
analysis include all active fracking sites (37,714) reported 
in 2018 and 2019. Figure 1 shows the distribution of 
active fracking sites in contiguous US counties. Most 
fracking sites lie just east of the Great Plains and across 
the Rocky Mountains, with some diasporas in Southern 
California and the Northeast. Most of these counties had 
fewer than 500 active fracking sites in 2018 and 2019. 
Only eight counties (Weld in Colorado; Reeves, Midland, 

Martin, and Karnes in Texas; Lea and Eddy in New 
Mexico; and McKenzie in North Dakota) have more 
than 1000 active fracking sites.

Socio-demographic data for all contiguous US coun
ties in year 2018 were gathered from the U.S. Census 
Bereau (2021). Sociodemographic variables used in the 
present analysis are age (percentage of people aged 18– 
49 and 50 or older), gender (female-to-male ratio),1 edu
cation (percentage of people without bachelor’s 
degree), median household income, health insurance 
(percentage of people without health insurance), unem
ployment rate, and race/ethnicity (percentage of 
Hispanic, non-Hispanic white, and non-Hispanic African 
American populations). Partisanship data for all counties 
were collected from the 2016 election results (MIT 
Election Data and Science Lab 2017). Each variable is 
converted to standardized Z-scores for further analysis, 
because standardization allows the bandwidths of 
MGWR modelling to directly indicate the spatial scales 
at which the conditional relationship between the out
come variable and the independent variable varies 
(Oshan et al. 2019; Li and Fotheringham 2020).

Tweets related to fracking were collected in real-time 
during the entirety of 2018–2019 using the Twitter 
streaming application programming interfaces (APIs). 
Tweets were filtered using fracking-related keywords, 
such as ‘fracking’, ‘hydraulic fracturing’, ‘globalfrack
down’, ‘natgas’, ‘shale’, and ‘shalegas’. Each tweet was 
recorded with its ID, username, creation time, full text, 
and the number of times it has been liked, retweeted, 
and quoted.

Twitter data filtering

More than 300,000 raw tweets were collected; however, 
we found that the collected Twitter stream filtered by 
single fracking-related keyword may erroneously include 
unrelated tweets, such as one tweet which reads: ‘I 
fracking love this juice’. In response, we utilized keyword 
combinations that are manually identified from 2000 
tweets (e.g. ‘fracking + water’, ‘fracking + environment 
protect’, and ‘fracking + drill’) to further filter pertinent 
tweets. A list of the keyword combinations can be found 
in Table 2. We then further extracted tweets with coor
dinates or places as geotags from the selected tweets. 
The coordinates and places were geocoded using ESRI 
ArcMap 10.6.1 (2019). Based on these geotagged tweets, 
we mapped the tweet density per county across the 
United States. Overall, 59,605 fracking related geo
tagged tweets were identified (Figure 2). Counties with 
fewer than 20 tweets related to fracking were excluded 
from analysis. Here, we set 20 as the threshold because 
we need to find a balance between the number of 
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counties included and the number of tweets in each 
county. Fewer tweets per county may not accurately 
indicate people’s attitudes towards fracking activities 
broadly; while higher thresholds of counties’ tweets 
may significantly reduce the number of counties, which 
could not clearly represent the spatial variations of peo
ple’s attitudes towards fracking and potential contribut
ing factors. There are a total of 276 contiguous US 
counties with 20 or more applicable tweets during the 
study timeframe.

Sentiment analysis

We conducted sentiment analysis on each tweet to 
understand people’s attitudes towards fracking using 
a machine learning approach as follows. First, we 
cleaned all tweet texts by (1) removing links, punctua
tion, and special characters; (2) removing words that are 
not number or letters; (3) filtering out the non-content- 
bearing words (such as ‘the’, ‘at’, ‘which’, and ‘in’); and (4) 
conducting spelling correction and lemmatization (con
verting different forms of a word to its root form). 
Second, we manually classified 2000 tweets into three 

sentiment groups (positive, neutral, and negative) and 
used them to train a Naïve Bayes text classifier. The 
classifier’s average prediction accuracy based on the 10- 
fold cross validation is 73.3%. Third, we used the text 
classifier to evaluate the sentiments of all other tweets. 
From the data, we found that people who hold 
a negative attitude towards fracking are more likely to 
share their attitudes on Twitter. To better represent the 
public perspectives on fracking, this study only focused 
on the percentage of negative tweets among all col
lected tweets in each county for further analysis.

Regression analysis

We analysed the spatial patterns of county-level nega
tive tweet percentages towards fracking and examined 
contributing factors of those patterns using different 
regression models. We first checked the regression 
assumptions in the data visually through diagnostic 
plots. After the diagnosis of multicollinearity and exclu
sion of multicollinear explanatory variables, the poten
tial contributing factors (explanatory variables) 
examined in this study include: ratio of females to 

Figure 1. Distribution of active fracking sites in contiguous US counties from 2018 to 2019.
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males, percentage of people aged 18 to 49 and 50 or 
older, percentage of Hispanic and non-Hispanic African 
American populations, unemployment rate, median 
household income, number of fracking sites within 100  
km of each county, percentage of people without 
a bachelor’s degree or higher, percentage of people 
without health insurance, the ratio of Democratic to 
Republican voters, and tweet density per 100,000 peo
ple. An ordinary least squares (OLS) linear regression 
model was first applied to identify global associations 
between those explanatory variables and negative tweet 
percentages towards fracking. Since the associations 
may vary across geographical regions, we further inves
tigated the local patterns of the associations using geo
graphically weighted regression (GWR), which is 
a popular choice for modelling such spatially varying 
associations. GWR is a local model that applies spatial 
weights in calculations such that observations closer to 
each other exert stronger influence than those farther 
away within a given bandwidth (Brunsdon, 
Fotheringham, and Charlton 1998). However, in GWR, 
only one bandwidth is employed for all explanatory 
variables assuming the relationship varies over the 
same spatial scale. As discussed earlier, the influence of 
the explanatory variables can have different geographi
cal scales (e.g. national, state, county, or local scales). 
Therefore, the multiscale geographically weighted 
regression (MGWR) is more appropriate than the GWR 
in this context because it considers a separate 

bandwidth for each explanatory variable 
(Fotheringham, Yang, and Kang 2017). The MGWR 
model formulation can be described as follows: 

yi ¼
Xm

j¼0
βbwjðui; viÞxij þ εi (1) 

where yi is the response variable at location ui; við Þ, εi is 
the error term, xij is the jth explanatory variable (includ
ing the intercept), βbwj ui; við Þ is the coefficient for the jth 
explanatory variable, and the bwj in βbwj indicates the 
different bandwidth for each explanatory variable 
(Fotheringham, Yang, and Kang 2017).

Consequently, a smaller bandwidth indicates 
a localized relationship while a larger bandwidth shows 
a relationship with a long-range regional or global trend. 
We used the MGWR 2.2 software to optimize the optimal 
bandwidth and estimate the local coefficients for each 
explanatory variable. An adaptive bi-square spatial ker
nel was used as the weighting scheme to calibrate the 
model, and the corrected Akaike information criterion 
(AICc) is used to evaluate the model performance in the 
optimization process (Oshan et al. 2019; Li and 
Fotheringham 2020).

Results and discussion

Of the 276 contiguous US counties included in the pre
sent analysis, there were typically fewer than 900 frack
ing-related tweets in each county during 2018–2019. 
Only four counties nationwide (Queens in New York; 
Harris in Texas; and Kern and Los Angeles in California) 
have more than 2000 related tweets. The machine learn
ing algorithm identified 35,048 negative tweets, 284 
positive tweets, and 24,272 tweets with neutral senti
ments nationwide. In this study, more than 60% of all 
collected tweets express a negative attitude towards 
fracking (Figure 3).

Table 3 lists the parameter coefficients associated 
with negative tweet percentages and significance levels 
of each from the OLS regression. The following explana
tory variables have statistically significant negative asso
ciations: the percentage of non-Hispanic African 
American population, the median household income, 
the sum of fracking sites within 100 km buffer of 
a county, the percentage of people without health insur
ance, and the percentage of people without bachelor’s 
degree. Percentage of people without bachelor’s degree 
shows the strongest negative association (coefficient =  
−0.284, p-value = 0.001) in the model. Conversely, the 
percentage of people over the age of 50 and the unem
ployment rate both have statistically significant positive 
associations with negative tweet percentages. Although 

Table 2. Keyword combinations for filtering fracking-related 
tweets.

Keyword 
combinations Keyword combinations

Keyword 
combinations

Ample oil, no water fracking, environment 
protect

fracking, water

anti, fracker fracking, fossil fuel fracking, water 
pollution

anti, fracking fracking, gas industry freshwater, war
ban, fracking fracking, health gas market, cleaner 

fuel
carbon emission fracking, money gas storage, price
end, fracking fracking, natural gas lawmaker, fracking
ending, fracking fracking, offshore drilling natgas, jobs
energy, shale fracking, oil oil, natgas
fracking, $ fracking, petition pipeline, fracking
fracking, air fracking, profit pro, fracking
fracking, approve fracking, protest shale gas, reform
fracking, climate 

change
fracking, Republican shale, boom

fracking, conference fracking, residents shale, crude oil
fracking, democratic fracking, restrict shale, demand
fracking, destroy fracking, safety shale, Texas
fracking, diesel fracking, security shales, marine
fracking, earthquake fracking, shale gas stop, drilling
fracking, economy fracking, Trump stop, fracking
fracking, energy fracking, wastewater
fracking, 

environment
fracking, Whitehouse
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no statistically significant association in national scale is 
shown in other variables, including the female-to-male 
ratio, the percentage of people aged 18–49, the percen
tages of Hispanic population, the ratio of Democratic to 
Republican voters, and the tweet density per 100,000 
people, there might be local associations available which 
were supported by existing literature. Therefore, all 12 
variables were included in the MGWR model to further 
investigate their multiscale local patterns.

The MGWR model generates better goodness of fit 
than the OLS model. The R2 value increases from 0.246 to 
0.384, and the corrected AIC value decreases from 735 to 
721. Although the improvement does not seem to be 
obvious, the MGWR model removed the spatial depen
dence in the residuals of OLS model. The Moran’s I value 
for the OLS model’s residual is 0.065 (p-value = 0.015), 
which shows a statistically significant clustered pattern 
suggesting a poor model specification; while the 
Moran’s I value for the MGWR model’s residual is 
−0.012 (p-value = 0.755), demonstrating a random distri
bution. Therefore, we conclude that the MGWR can bet
ter predict the negative tweet percentages towards 
fracking in this study.

The MGWR model provides a coefficient and an 
associated t-statistic for every explanatory variable in 
each county, where the coefficient sign indicates the 
direction of an association and the t-statistic’s value 
beyond the adjusted t-value threshold for 95% confi
dence level is statistically significant (Figure 4). The 
female-to-male ratio and population percentages 
breakdown by age (age group 18–49 and over 50) do 
not show significant associations with the percentage 
of negative tweets towards fracking (Figures 4(a–c)). For 
variables pertaining to the racial composition of popu
lation in US counties, Hispanic population percentage 
fails to significantly predict negative tweet percentage 
regarding fracking (Figure 4(d)); however, the African 
American population percentage is negatively asso
ciated with negative tweet percentages at the signifi
cance level of 0.05 nationwide (Figure 4(e)). Counties in 
Southern, Southwest, and Great Plains regions show 
stronger negative correlations than other regions with 
coefficients less than −0.4 (Figure 4(e)). Considering the 
African American population distributions in the 276 
counties, the pattern indicates that counties with 
more African Americans are less likely to oppose 

Figure 2. Number of tweets toward fracking in contiguous US counties during 2018–2019.
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fracking. The result is conflicting with the New York 
result that people of colour are more likely to be 
against fracking due to the inequitable distribution of 
environmental problem (Wakefield 2020). However, the 
immediate economic benefits and local job opportu
nities brought by fracking could have overshadowed 

the long-term environmental health concerns in this 
national study, which changed the African American 
population’s perspective on fracking activities.

There are significant positive associations between 
the unemployment rate and the percentage of negative 
tweets in most Eastern and Central US counties 
(Figure 4(f)). The pattern is consistent with the conclu
sion by Belakhdar (2019) that negative sentiments 
towards fracking rise as the unemployment rate 
increases. However, this relationship is not significant 
across the entire Western United States (Figure 4(f)). 
The East-West divide may be influenced by the increased 
prevalence of fracking across the Western states, as dis
played in Figure 1. The median household income has 
a significant negative association with negative tweet 
percentage across the whole country at the level of 0.05 
(Figure 4(g)). This pattern is consistent with extant litera
ture that finds people who have higher income are more 
likely to approve fracking (Pierce et al. 2018).

The number of fracking sites within 100 km of US 
counties similarly falls along the East-West divide such 
that it only shows a significant negative association with 

Figure 3. Percentage of negative tweets toward fracking in contiguous US counties with 20 or more fracking-related tweets during 
2018–2019.

Table 3. OLS regression results showing associations between 
potential explanatory variables and percentage of negative 
tweets towards fracking in contiguous US counties during 
2018–2019.

Explanatory variable Coefficient p-value

Female-to-male ratio 0.055 0.518
Percentage of people aged 18-49 0.142 0.298
Percentage of people aged 50 or older 0.322* 0.012
Percentage of Hispanics 0.032 0.751
Percentage of non-Hispanic African Americans −0.237** 0.010
Unemployment rate 0.216** 0.007
Median household income −0.239** 0.007
Sum of fracking activities within 100km buffer −0.122* 0.038
Percentage of people without health insurance −0.189* 0.037
Percentage of people without bachelor’s degree −0.284** 0.001
Ratio of Democratic to Republican voters 0.053 0.487
Tweet density per 100,000 people −0.115 0.121

*p-value < 0.05. 
**p-value < 0.01.
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Figure 4. MGWR model results showing county-specific parameter estimates for associations between percentage of negative tweets 
toward fracking and: (a) female-to-male ratio, (b) percentage of people aged 18–49, (c) percentage of people aged 50 or older, (d) 
percentage of Hispanics, (e) percentage of non-Hispanic African Americans, (f) unemployment rate, (g) median household income, (h) 
sum of fracking activity within 100km buffer, (i) percentage of people without health insurance, (j) percentage of people without 
bachelor’s degree, (k) ratio of Democratic to Republican voters, and (l) tweet density per 100,000 people.
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negative tweet percentage east of the Great Plains, 
especially in New England (Figure 4(h)). Florida counties 
show strong opposition to fracking even when there are 
almost no fracking activities within 100 km. Extant stu
dies argue that people who directly benefit from frack
ing are less likely to hold negative attitudes towards 
fracking (Howell et al. 2017; Kriesky et al. 2013). 
Therefore, one possible reason of the current pattern is 
that most people in the Eastern United States do not 
enjoy direct benefits from fracking activities which are 
primarily distributed in the Great Plain (Figure 1).

In most Western and Gulf Coast counties, the percen
tage of people without health insurance is negatively 
associated with the percentage of negative tweets 
(Figure 4(i)). Counties in the Southwest show stronger 
negative correlations (coefficients < −0.4) than other 
counties (Figure 4(i)). In other words, as enrolment in 
health insurance increases, a county is more likely to 
oppose fracking activities. One possible reason is that 
people with lower socioeconomic status are less likely to 
have health insurance (Arpey, Gaglioti, and Rosenbaum  
20172013); instead, they rely on employment from frack
ing activities and are more supportive of fracking. 
However, this relationship is different in the Eastern US 
counties, where countywide health insurance levels do 
not predict negative tweet percentages (Figure 4(i)). The 
percentage of people without a bachelor’s degree is 
significantly negatively associated with negative tweet 
percentages across the country (p < 0.05) (Figure 4(j)). As 
discussed in the background section, education is 
a controversial predictor for public perspectives on 
fracking. The current pattern matches the argument by 
Jacquet (2012) that people with a bachelor’s degree or 
higher are prone to show relatively negative attitudes 
towards fracking; however, the pattern contradicts with 
the conclusions of some other studies (Boudet et al.  
2016; Pierce et al. 2018).

The ratio of Democratic to Republican voters by 
county is positively associated with the percentage of 
negative tweets in some counties across the southern 
Great Plains, especially in Texas (Figure 4(k)). It indicates 
that as the percentage of Republican voters increases, 
negative attitudes towards fracking are less often voca
lized on Twitter. However, this relationship is insignifi
cant elsewhere across the country. This inconsistent 
pattern matches the existing literature on party affilia
tion and attitudes towards fracking (Berardo et al. 2020; 
Lee and Clark 2020). Finally, tweet density is insignifi
cantly associated with the negative tweet percentage in 
all counties (Figure 4(l)). Therefore, the tweet density 
could not predict the public perspectives on fracking.

Bandwidth is the range (distance or number of near
est neighbours) over which data is borrowed in each 

local regression calculation; it measures the spatial 
scale of the relationship between an independent vari
able and an dependent variable (Li et al. 2020; Oshan 
et al. 2019). In other words, it can provide intuitive 
interpretations of the spatial scale of each variable’s 
underlying data generating process (Li et al. 2020; 
Oshan et al. 2019). Table 4 shows the optimal band
widths with 95% confidence intervals for the aforemen
tioned 12 explanatory variables, where the numbers 
represent the amount of nearest counties to 
a regression focus (a county) that have been borrowed 
and down-weighted according to the distance in local 
regression. The female-to-male ratio, the unemployment 
rate, the median household income, percentages of 
Hispanics, non-Hispanic African Americans, people 
aged 18 to 49, and people without a bachelor’s degree 
all have a bandwidth of between 250 and 275. 
Considering the total number of counties included in 
this study is 276, the influence of these seven variables 
on the negative tweet percentage towards fracking is 
virtually the same in each county across the country. 
Therefore, these relationships demonstrate more global 
stationarity, as shown in Figure 4(a,b,d,e–g,j). The per
centage of people aged 50 or older, and tweet density 
per 100,000 people in US counties have bandwidths 
around 100, which indicate more locally varying relation
ships with the negative tweet percentage. However, the 
patterns are not clear as coefficients associated with 
these two variables are insignificant at the level of 0.05 
across the country (Figure 4(c,l)). The other three vari
ables have moderate bandwidths around 150 to 200, 
which show relative stationary effects on negative 
tweet percentage within regions and varying effects 
across regions. For example, the ratio of Democratic to 
Republican voters (Figure 4(k)) and sum of fracking 

Table 4. Bandwidths for potential explanatory variables in the 
MGWR model.

Explanatory variable Bandwidth
Confidence interval 

(95%)

Female-to-male ratio 275 (187, 275)
Percentage of people aged 18-49 259 (187, 263)
Percentage of people aged 50 or older 95 (76, 131)
Percentage of Hispanics 275 (221, 275)
Percentage of non-Hispanic African 

Americans
263 (187, 268)

Unemployment rate 263 (187, 268)
Median household income 275 (187, 275)
Sum of fracking activities within 

100km buffer
198 (131, 200)

Percentage of people without health 
insurance

185 (165, 221)

Percentage of people without 
bachelor’s degree

275 (221, 275)

Ratio of Democratic to Republican 
voters

172 (131, 221)

Tweet density per 100,000 people in 
US counties

111 (76, 131)
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activities within 100 km buffer (Figure 4(h)) shows sig
nificant associations in the Southern and Eastern regions 
respectively, but the relationship does not persist in 
other regions.

Most variables’ local parameter estimates from the 
MGWR model generally align with their global counter
part in OLS model, except for the percentage of people 
aged 50 or older and the ratio of Democratic to 
Republican voters (Table 3 and Figure 4). In the global 
OLS model, the ratio of Democratic to Republican voters 
does not show statistically significant associations with 
the percentage of negative tweets at the national level; 
however, the local estimates illustrate significant posi
tive associations in some regions (Figure 4(k)). On the 
other hand, the association between the percentage of 
elderly people and the negative tweets percentage 
towards fracking is significantly positive (coefficient =  
0.322, p-value = 0.012) in the global OLS model, yet the 
local estimates do not exhibit any significant association 
(Figure 4(c)). Both patterns show the Simpson’s paradox 
from spatial perspective, which means contradictory 
results show in same dataset at different spatial scales. 
Therefore, we need to be careful when interpreting 
these relationships because they depend on the scale 
of the analysis.

Compared to traditional data collection methods, 
such as surveys and interviews, the social media data 
we used can cover more samples of people’s attitudes 
towards fracking activity across a larger geographic area. 
To ensure the study power of the spatial statistics, 
a threshold of 20 fracking-related tweets is set to filter 
the counties in this study. Because the uneven distribu
tion of geotagged tweets about fracking in county level, 
only 276 contiguous US counties have been included in 
the analysis. The question of how to appropriately 
include counties with fewer than 20 applicable tweets 
remains. Analysis of counties with a lower threshold of 
10 fracking-related tweets resulted in similar spatial pat
terns of statistical significance, but the coefficient values 
were significantly reduced. Another possible solution is 
to aggregate all variables to state level to increase the 
tweet sample size in each geographic unit. However, it 
will diminish the variation of the associations in finer 
scales that have been identified in Figure 4. Therefore, 
a balance between the sample size and geographic scale 
is key to the pattern explorations in this type of study.

Limitations and future research

Several limitations of the present study should also be 
observed. First, Twitter is the only social media platform 
used in this study to ascertain people’s attitudes towards 
fracking. Because people who have a negative attitude 

towards fracking activity are more likely to voice their 
opposition via Twitter, we addressed this limitation and 
only selected the percentage of negative tweets in US 
counties with 20 or more tweets as our dependent vari
able. One direction for future research is to integrate 
data from more social media platforms, such as 
Facebook and Instagram, to achieve a more representa
tive and balanced distribution of sentiments. Like the 
traditional data collection methods, there could be 
potential bias in people’s demographics in the data 
sample because the geotagged Twitter data exclude 
people who do not use social media and tweets without 
geotags (Zhang and Zhu 2018). Also, there might be 
potential location spoofing issues if users intentionally 
include incorrect geotags in their tweets (Gong and 
Yang 2020). However, the advantage of Twitter data is 
its coverage of much larger samples of people’s attitudes 
towards fracking activities across a large geographic 
area in this study. Future studies may consider further 
investigate whether the geotagged tweets are represen
tative samples of the entire tweets and tweeting loca
tions, and also combine the traditional data sources with 
social media data to overcome the potential bias.

Second, because it is untenable to manually classify 
sentiments for all 59,605 fracking-related tweets col
lected in this study, we trained a sentiment classifier 
based on 2000 manually classified tweets and leveraged 
the classifier to evaluate the remaining tweets’ senti
ments. This machine learning approach basically gener
ated the associations of word combinations and 
sentiments based on the training datasets. Although 
the cross-validation accuracy of the current approach is 
relatively high, sentiment misclassification may still arise 
during the predicting process due to the complexities in 
human communication, such as sarcasm, word ambigu
ity, negation, and multipolarity (Eremyan 2018). Future 
research can attend to the problems of misclassification 
by training multiple classifiers (e.g. maximum entropy 
classifier, decision tree classifier, and positive Naïve 
Bayes classifier) based on the manual labelled tweets 
with sentiments, then picking the classifier with the 
best accuracy.

Third, most of the exploratory variables in this study 
can be easily derived without uncertainty from the cen
sus data and election data. However, there are some 
subjectivities in calculating the number of proximate 
fracking activities. Because many extant studies only 
consider fracking sites within a relative short distance 
to the residential areas, this study tries to expand this 
threshold to include the influence of more fracking sites. 
We only chose a 100 km buffer of each county to repre
sent the county’s proximate area and counted for the 
number of fracking activities within this range. Although 
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the model performance is acceptable in the current 
results, future studies could further investigate how the 
changing buffer distance threshold (e.g. from 10 km to 
200 km) could affect the local association patterns in 
Figure 4(h).

Fourth, this study only examined the spatial aspect of 
people’s attitudes towards fracking over the two-year 
period as a whole, without accounting for the temporal 
change in those attitudes. This is primarily due to the 
uneven distribution of tweets, which does not allow us 
to examine temporal changes in counties with fewer 
samples. Future studies could investigate how people’s 
attitudes towards fracking change over time by investi
gating only the counties with more samples or by ana
lysing spatial patterns during another time period and 
comparing them to the current patterns.

Finally, the data of fracking sites included in the pre
sent study is from FracFocus (2021), a catalogue of volun
tary disclosures from private fracking operations. To the 
best of our knowledge, this is the most complete record 
of fracking sites in the United States, but there is still 
uncertainty in whether all fracking sites across the nation 
are included. Other data sources of fracking locations or 
crowdsourced reporting of fracking sites could be used to 
cross validate the current datasets in future studies.

Conclusion

This study innovatively used geo-referenced social media 
big data from Twitter to investigate public perspectives 
on fracking activities from geographical lenses. One 
strength of the study is Twitter’s coverage of larger sam
ples in the entire United States than traditional data 
collection methods, which provides a more holistic pic
ture of people’s attitudes towards fracking activities. The 
study also clearly depicts how the influences of different 
factors on attitudes towards fracking varies across geo
graphical regions and at different geographical scales by 
applying an advanced local regression approach (MGWR).

Generally, most fracking-related tweets from 2018 to 
2019 in the United States exerted negative or neutral 
attitudes towards fracking, but the percentages fluctu
ate among counties. Comparing with the global OLS 
model, the MGWR generates better goodness of fit and 
removed the spatial dependence in the residuals, indi
cating the MGWR’s better predicting potential of the 
negative tweet percentages towards fracking.

The median household income and percentages of 
African Americans and people without a bachelor’s 
degree have strong negative associations with negative 
tweet percentage across the whole country, indicating 
counties with higher median household income, more 
African Americans, and/or lower educational level are less 

likely to oppose fracking. The large bandwidths of these 
three variables also demonstrate more global stationarity 
in these associations. Unemployment rates show positive 
associations with negative tweet percentages in most 
Eastern and Central US counties; proximate fracking site 
amounts only show negative associations in counties east 
of the Great Plains; and populations without health insur
ance only show negative associations in Western, Gulf 
Coast region counties. In those regions, as unemploy
ment rate increases, proximate fracking site amount 
decreases, and/or enrolment in health insurance 
increases, a county is more likely to oppose fracking 
activities. All three variables demonstrate clear East- 
West divide geographical patterns in influencing public 
perspective on fracking. The East-West divide may be 
influenced by the increased prevalence of fracking across 
the Western states. In counties across the southern Great 
Plains, especially in Texas, negative attitudes towards 
fracking are less often vocalized on Twitter as the percen
tage of Republican voters increases. The female-to-male 
ratio, population percentages breakdown by age, the 
percentage of Hispanics, and the tweet density do not 
show significant associations with the percentage of 
negative tweets towards fracking.

Spatial heterogeneities and scales of these associa
tions identified in this study can provide a guide for 
predicting people’s attitudes towards fracking activity 
based on different factors in future studies. The findings 
can also help policymakers to understand public per
spectives on fracking and make evidence-based policy 
adjustments. As an example, while enjoying the eco
nomic benefits and job opportunities that fracking 
brings, the relevant policy should consider public per
spectives from different groups as a way to avoid inequi
table distribution of environmental burdens, such as 
water contamination. The methodology can also be con
veniently used to investigate public perspectives on 
other controversial topics, such as siting of wind farms, 
industrial solar facilities, and hazardous waste facilities.

Note

1. The census data for 2018 do not include data for more 
inclusive gender types other than the binary genders.
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