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A B S T R A C T   

Many governments have begun to adopt aggressive targets for electric vehicles. However, studies of the drivers of 
electric vehicle (EV) adoption are scarce. Social media interactions can provide a new data-driven vantage point 
to explore such drivers. This study uses data from 36,000 public posts on Facebook to investigate inter
sectionality in EV-communication as per the Political, Economic, Social, Technological, Legal and Environmental 
(PESTLE) categories. A computational social science methodology was adopted using a mixed-method applica
tion of social network analysis and machine learning-based topic modelling through Latent Dirichlet Allocation 
algorithm on a 600,000-text corpus extracted from the Facebook posts. Results showed that political, economic, 
and legal posts had dense clusters around the technology policy of EV, the institutional discourse of electrifi
cation of the federal vehicle fleet, and tax and credit framework politics. The environmental and social di
mensions had a higher discourse for social justice, clean air, and better health and well-being. A market shift 
towards EV as a service industry was observed in the technology and economics-related posts. These findings can 
help policymakers, and planners design contextualised energy policy for influencing EV adoption in the U.S. and 
other countries.   

1. Introduction 

Electric vehicles (EVs) can reduce transportation emissions, promote 
low-carbon mobility and a cleaner environment [1,2]. EVs are becoming 
more available, with sales soaring in recent years. In 2019, EV sales 
topped 2.1 million units globally, with 90% of sales concentrated in 
China, Europe and the United States [3]. Sales of all-electric light-duty 
vehicles (LDVs) in the U.S. grew from 0 in 2010 to 242,000 in 2019 [4]. 
Policy instruments like direct subsidies and tax credit have been critical 
in stimulating EV sales in major vehicle markets in recent years. The U.S. 
government has incentivised EVs’ uptake through a tax credit of up to 
$7500 per vehicle with an additional state-specific tax credit [5]. 

Besides, 2019-20 saw a global EV policy shift from direct subsidies to 
greater reliance on regulatory and structural measures – including zero- 
emission vehicle mandates and fuel economy standards [3]. This shift in 
policy discourse has set clear, long-term signals to the auto industry and 

consumers that support low-carbon transition in an economically sus
tainable manner for governments [3,6]. The present consumer profile of 
the electric car market is evolving from early adopters and technophile 
buyers to mass adaptors. Over 200 new models are expected between 
2020 and 2025 in the U.S. alone, many of which are in the popular sport 
utility vehicle (SUV) segment [3]. With this rapid expansion of the EV 
consumer segment, contextualised policies are needed to support such 
system changes. 

Many aspects of the EV-led system changes in the U.S. were studies 
that include environmental consequences and health impacts [2], 
charging infrastructure [7,8], subsidy mechanisms [9,10], EV adoption 
and willingness-to-pay [11–14]. However, studies of its intersections 
with the Political, Economic, Social, Technological, Legal and Environ
mental (PESTLE) system are scant. With more EVs penetrating the U.S. 
market, it is crucial to identify such intersection points to sustain EV 
growth. This study fills this knowledge gap by investigating the 
demand-side PESTLE attributes of EV adoption and diffusion in the 
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United States. 
The novelty lies in deriving an intersectional PESTLE-based overview 

of EV transition using crowdsourced public data from social media in
teractions of EV-related posts in 2020. A computational social science 
methodology was used to derive the PESTLE indicators using a mixed- 
method approach of social network analysis (SNA) and machine 
learning-based topic modelling to extract latent topic clusters. The use of 
the above methodology contributes to the state-of-the-art discussions on 
social data science for public policy applications. Furthermore, such 
computational social science methodology for PESTLE feature deriva
tion was not used before to the best of our knowledge, and it defines the 
uniqueness of this study. Understanding these attributes are critical for 
contextualised EV policy design at the consumer level to support the 
low-carbon transition and translating the cultural norms from ICEVs to 
EVs in the United States. 

2. Background: a bibliometric overview 

This section explores the current state-of-the-art literature on electric 
vehicles (EVs) using the Political, Economic, Social, Technological, 
Legal and Environmental (PESTLE) framework. The PESTLE framework 
extends the PEST framework, developed by Fahey and Narayanan [15]. 
The PEST framework primarily analyses the Political, Economic, Social 
and Technological factors of strategic business environment from a 
macroeconomic perspective. The political factors mainly concern state 
institutions, policies and law. Economic factor includes macro-and mi
croeconomic aspects that jointly influence industry development. Social 
or sociological factor includes demographic influences, lifestyle factors, 
income distribution, norms and culture. Technological factors include 
the application conditions for various techniques and technology 
development trends like international influences, changes in informa
tion technology and technology uptake rates. The L and E extensions to 
PEST outlines Legal and Environment factors. Legal factors include 
regulatory and policy influences, not limited to tax policies, employment 
laws, industry regulations, and health and safety regulations. Environ
ment factors include the regulations and restrictions around ecological 
and environmental aspects such as weather, climate, and climate 
change. Consumer attitudes and behavioural elements are also included 
[16,17]. 

A PESTLE review offers a multifaceted approach to assess the big- 
picture and the intersectional factors for informed strategic manage
ment in an organisation. This tool provides an overview of the macro 
factors that a company needs to consider in its decision making [16]. It is 
now used in a broader context, including energy policymaking and 
renewable planning. Zalengera et al. [18] had used PESTLE for the 
renewable planning of Malawi and derived a sustainable development 
framework. Achinas et al. [19] evaluated the biofuel industry in Europe 
using PESTLE analysis in a similar approach that revealed the 
complexity of the industry faced by policymakers and production 
companies. This tool was also used in smart grid planning for island 
countries using renewable sources [20]. On automobiles, PESTLE has 
been used in a few studies. Tan et al. [21] assess hybrid vehicle tech
nology in the United States. The analysis highlighted the importance of 
multidimensional PESTLE attributes of such technology transition. For 

example, it demonstrated that the economic dimension of hybrid cars in 
the US market would affect popularity and productivity, which will have 
extended social benefits. The technology, legal and environmental fac
tors would accelerate the low-carbon transition in the transportation 
sector. 

Recently, Capuder et al. [22] carried out risk analysis in EV inte
gration policymaking using this framework. The authors found that high 
probability risks included technology and range anxiety risk among the 
consumers, whereas charging infrastructure risk, regulation and incen
tive reduction risks were categorised as low probability risk in EV 
integration policies. Similarly, PESTLE analysis was used to evaluate 
compact EV and gasoline cars [23]. 

Methodological advancement in the PESTLE framework space in
dicates a growing theoretical scoping of mixed-method approaches 
using data science. Campbell et al. [24] call for leveraging artificial 
intelligence (AI) in PESTLE and SWOT analysis in marketing research. A 
decision-support framework using AI and PESTLE analysis was proposed 
by Simões [25]. Such applications are scarce in the literature, and this 
paper contributes significantly to this literature gap in the 
mixed-method approach of the PESTLE framework with computational 
social sciences. We used social network analysis and topic modelling 
using an AI-driven Latent Dirichlet Allocation (LDA) algorithm to extract 
and classify latent themes on EV communications in the United States. It 
contributes to the state-of-the-art in energy policy applications of 
computational social sciences. 

This section presents a detailed bibliometric analysis of the current 
literature on EVs. The published documents were classified using the 
PESTLE framework, i.e., the keyword search included the individual 
PESTLE elements (i.e., ‘Political’, ‘Economic’, ‘Social’, ‘Technological’, 
‘Legal’ and ‘Environmental’) with ‘EV’ and ‘electric vehicle’. The bib
liometric analysis was performed using the methodological guidelines of 
Aria and Cuccurullo [26]. Bibliometrics is the use of statistical methods 
to analyse books, articles, journal articles and other publications. The 
bibliometric indicators used here were ‘keyword/term frequency’, ‘word 
cloud’ and ‘co-occurrence network maps’ [see Kurtz and Bollen [27] for 
a detailed definition of these indicators]. The bibliometric analysis data 
was extracted from the ‘Web of Science (WoS)’ database; it is the most 
authoritative citation database with publications of high quality. A 
similar approach was recently used by Debnath, Mittal and Jindal [28] 
to review the current challenges in the Indian Power System. Gatto and 
Drago [29] derived the taxonomy of energy resilience using a similar 
bibliometric approach. Renewable energy finance was identified 
through a detailed bibliometric analysis by Elie, Granier and Rigot [30]. 
A recent bibliometric analysis to identify suitable business models for EV 
provides critical clues for this section, see Secinaro et al., [31]. 

A total of 11,478 published documents were identified in the WoS 
database between 2015 and 2020 on EV with individual PESTLE ele
ments. The documents that had different words related to individual 
PESTLE elements and EV simultaneously in its title, abstract or journal 
keywords were classified as those of the individual PESTLE group. For 
example, the ‘Policy’ group consisted of 2689 articles that words ‘po
litical/policy/politics’ along with ‘EV/electric vehicle’ in its title, ab
stract or journal keyword lists (see Fig. 1). However, this classification is 
not mutually exclusive to any particular PESTLE element as the ‘Policy’ 
group may contain secondary words associated with other PESTLE ele
ments. Similarly, there were 2889 ‘EV/electric vehicle’ related articles 
with the term ‘Economy’; 1034 articles with ‘Technology’, 91 articles 
with ‘Legal’, 894 articles with ‘Social’; and 3881 articles with the word 
‘Environmental’. 

The search keywords were intentionally kept broad for general
isability. This analysis was performed in the R programming language. 
Following the bibliometric analysis, an interpretivist approach was used 
to draw a storyline on the state-of-the-art EV literature. 

List of abbreviation 

EV Electric Vehicles 
LDA Latent Dirichlet Allocation 
PESTLE Political, Economic, Social, Technological, Legal and 

Environmental 
SNA Social Network Analysis 
TM Topic Modelling  
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2.1. PESTLE attributes from EV literature 

Fig. 1 illustrates the word cloud generated from the published arti
cles with individual PESTLE attributes and EV. The size of the term 
denotes its frequency, i.e., a bigger word size denotes higher repeat
ability. Building on this context, Fig. 1a shows high-frequency words 
associated with ‘Political’ and ‘EV’: ‘demand’, ‘adoption’, ‘policy’, 
‘emission’, ‘incentive’, ‘preferences’ and ‘plug-in hybrid’. It indicates 
that much research on the EV-policy/politics space deals with the pro
visioning of incentives, adoption model and estimation of emission 
reduction. Low-carbon transition through EVs has a strong political 
connotation highlighted by Roberts et al., [32]. The authors stressed the 
need for more political will to accelerate low-carbon transition policies 
in the transportation sector deliberately. Walter et al. [33] emphasised 
that federal policymakers must invest in domestic EV production and 
deployment to support American jobs, cut emissions, and ensure na
tional competitiveness. Additionally, the current literature shows that in 
the U.S., the present energy policy discourses are shifting from 
incentive-based to a subsidy reduction regime [3,9,14,34,35]. Such in
terconnections between words are also shown in Fig. 2a that illustrate 
term co-occurrence networks. 

The economic attributes are illustrated in Fig. 1b, showing high- 
frequency terms like ‘power management’, ‘optimization’, ‘strategy’, 
‘design’ and ‘consumption’. It depicts the EV-economic literature’s focus 
on optimising the pricing of EV systems, especially power management 
through charging infrastructure. The design and consumption can also 
be attributed to the auto manufacturer’s present paradigm to increase 
consumer consumption through new EV models [3,36,37]. The 
co-occurrence network in Fig. 2b further illustrates these connections 
among the high-frequency terms. This figure also depicts that current EV 
research focuses extensively on techno-economic aspects as the tech
nology matures. 

The literature shows that EV’s present social/sociological attributes 
have high-frequency words as ‘management’, ‘plug-in hybrid’, ‘de
mand’, ‘adoption’ and ‘technology impact’ (see Fig. 1c). It shows that 
the social dimension focuses on evaluating EV adoption and the tech
nology impact, especially in contrast to plug-in hybrid vehicles, which is 
already a matured product [38–41]. The co-occurrence network in 
Fig. 2c further illustrates the interconnections in the high-frequency 
terms in the social attributes of EV literature. For example, the term 
‘adoption’ has high co-occurrences with the term ‘preference’, ‘choice’, 

‘incentive’, ‘social influence’, ‘barriers’, ‘consumer attitudes’, ‘planned 
behaviour’, etcetera (see Fig. 2c). It accentuates the research space in 
the social dimension of EV adoption, critical literature in the U.S. 
context can be referred to here: [14,40,42–44]. 

The technological attributes show a strong link with ‘policy’ in the 
co-occurrence network (see Fig. 2d), illustrating the strong technology 
policy link between EV technology and policy design. It can also be seen 
from Fig. 1d that high-frequency words are ‘adoption’, ‘demand’, 
‘technologies’ and ‘diffusion’. A higher representation of ‘China’ also 
indicates EV technology’s dependency on China (see Fig. 1d). The 
cooccurrence network in Fig. 2d also shows critical interconnections 
with ‘innovation’ around EV technologies. Critical literature in this 
context is presented in Refs. [11,45–50] that focus on the intersections 
between technology innovation and policy design concerning charging 
infrastructure, EV penetration strategy and discussion on the social 
shaping of EV technology. A vital impetus for technology policy in the 
EV space is to aggressively contribute to national emission reduction 
efforts and low-carbon transition, as observed through the 
co-occurrence network in Fig. 2d. 

The legal attributes associated with EV as per the PESTLE framework 
are illustrated in Figs. 1e and 2e. The word cloud shows that high- 
frequency words mimic the political attributes in Fig. 1a, depicting a 
coherence between political and legal elements of EV policymaking. It 
further shows scarcity in the literature on EV’s legal aspects, as seen in 
the sparse co-occurrence network in Fig. 2e. A critical discourse around 
EV is the associated environmental and health benefits, as presented in 
Refs. [1,2,51]. This association has been widely discussed in the litera
ture. Topics are around ‘battery’ disposal and life-cycle analysis of the 
lithium-ion battery (see interconnections in Fig. 2e). A recent research 
article by Tang et al. [52], sheds light on the possible policy mechanisms 
for handling the EV-batteries that have reached their end-of-life. The 
literature on the current discussion on the waste management and policy 
design around EV batteries can be referred to in Refs. [53–59]. 

The evidence from the bibliometric-based literature review pre
sented here provided an overview of the EVs’ current paradigm and 
discourse in a PESTLE framework. However, it does not necessarily 
emphasise what is missing or the issues that need focus. This study 
builds on this foundation and explores the PESTLE attributes from the 
demand-side spectrum by evaluating EV communications in social 
media-based public forums. It can provide a critical clue on the policy 
pinch points and aid policymakers and auto manufacturers in designing 

Fig. 1. Word cloud depicting high-frequency PESTLE attributes from the current literature. [Note: the size of the word/term denote its frequency].  
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Fig. 2. Co-occurrence word network showing PESTLE attributes in the EV literature.  
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contextualised EV policies using crowdsourced data. A detailed 
description of data and methods is presented in the next section. 

3. Material and methods 

This section presents a detailed description of the data structure and 
the adopted methodology of this study. As mentioned in section 1, this 
study’s primary data comprises social media public posts on EV-related 
communications. It is then evaluated based on the Political, Economic, 
Social, Technological, Legal and Environmental (PESTLE) framework to 
evaluate intersectionality and extract latent attributes using computa
tional social sciences to contextualise EV policymaking in the United 
States. The computational social sciences methodology consisted of a 
concurrent application of social network analysis (SNA) and machine 
learning-based topic modelling (TM) using the Latent Dirichlet Alloca
tion (LDA) algorithm. TM was used to complement SNA and improve its 
interpretability. We used SNA and TM in a nested manner to extract 
contextualised results and identify intersectionality in the Facebook 
posts as per the PESTLE categories. 

3.1. Data source 

This study’s primary data are public posts in the English language 
with keywords ‘EV/electric vehicle/electric cars’ in the United States 
regional boundary and their total interactions on Facebook between the 
1st of January and the October 31, 2020. The data was accessed through 
Facebook’s CrowdTangle web-based platform. CrowdTangle is a public 
insight tool that tracks public content interactions from Facebook pages 
and groups, verified profiles. In addition, it does not include paid ads 
unless they began as organic, nonpaid posts that were subsequently 
“boosted” using Facebook’s advertising tools. It does not include private 
accounts or posts made visible only to specific groups of followers [60]. 

Posts from almost 13,764 public pages that referred to electric 
vehicle (EV) were collected for this study between the ten months. The 
CrowdTangle team set the ten-month historical data limit. These posts 
ranged from news-media pages to public groups. Since each ‘page’ can 
contain multiple posts on related topics, we consolidated the posts with 
the same page ID to avoid redundancy errors in analysis. Therefore, the 
total number of posts extracted was around 36,000. 

While analysing these 36,000 posts, we were mindful of the limita
tions of Facebook posts as a data source that affect the generalisability of 
study results. First, specific demographic and socio-economic segments 
are not well represented in the dataset, especially people from low- 
income backgrounds and lower education due to the Internet access 
divide [61]. Second, not all with Internet access use Facebook and other 
social media sites. Third, it is unclear who can effectively use the 
Internet for information and knowledge and who cannot [62]. Fourth, 
social media data presents the potential for self-selection bias. To 
counter the first three points and improve the generalisability of the 
results, we only use aggregated interaction data on public posts. This 
aggregated level provided a zoomed-out view of public communication 
on EV on the Facebook platform without weighing an individual’s 
sentiment. We kept a wide bandwidth for PESTLE categorisation of the 
posts by randomly matching 40% of the post content with the categor
ical outcomes of the bibliometric analysis presented in section 2.1. It 
added a degree of randomisation in sample selection that reduced 
self-selection bias (as recommended by Ref. [63]). 

An ‘interaction’ can be the number of reactions, comments and 
shares made on a post. This metric does not include clicks on links or the 
post itself [60]. We have used the ‘total interaction’ metric, the indi
vidual post links and the link description for constructing the nodes and 
edges for SNA (discussed in detail in section 3.2). The data descriptive of 

the number of interactions on the EV-related posts per month is illus
trated in Fig. 3. In Fig. 3a, the peaks represent average page interactions 
in a specific month. For most months, the peaks are in the range of 1–100 
interactions. The central tendency of the dataset and the outliers are 
illustrated in Fig. 3b. 

The pages on EV-related communications from news agencies, public 
groups, academic communities, non-governmental organisations, and 
activist groups were in text. Thus, the cumulative text corpus extracted 
from these 36,000 posts was close to 600,000 words/terms. It served as 
the primary dataset for machine-learning-based topic modelling using 
LDA (see section 3.3. For details). 

3.2. Social network analysis (SNA) 

For our analysis, the downloaded CrowdTangle public page dataset 
(see section 3.1) was categorised into PESTLE sectors (Political, Eco
nomic, Social, Technological, Legal and Environmental) based on each 
page’s ‘link description’. This categorisation was performed by referring 
to high-frequency keywords extracted through the bibliometric analysis 
in section 2.1. 

The categorised datasets were cleaned for duplicate entries, and the 
blank fields were removed. Then, we tabulated the post link, descrip
tion, identifier and total interactions into an Excel datasheet and con
verted them into comma-separated value files. Finally, we created nodes 
and edges datasheet in Excel, with each node representing a ‘page’ and a 
‘link description’. In our case, the edges connect the page and the cor
responding link description. Thus, the page became the ‘source’ in our 
dataset, and the link description became the ‘target’ for each PESTLE 
category. Important definitions regarding SNA are presented in the 
Appendix. 

We imported the nodes and edges dataset into Gephi version 0.9.2. It 
is open-source software for graph and network visualisation by auto
matically calculating modularity and the network diameters such as 
betweenness centrality and visualising the network structure by 
adjusting spatialization algorithms [64]. In this study, modularity was 
calculated and applied to the nodes to divide them into differentiated 
community subgroups according to the closeness of their interactions 
and different colours were applied to distinguish these subgroups visu
ally [65]. Furthermore, we have used in-degree ranking (see Appendix 
for definitions) to visualise most frequently shared links in each PESTLE 
category. In-degree is the number of connections that point inward at a 
node. The minimum in-degree size was chosen as 10, indicating that a 
node will at least have 10 connections, while the maximum in-degree 
size was set as 100. Further iterations were made to test the best 
values for optimal visualisation of the network. 

The ForceAtlas2 (FA2) algorithm [66] was applied to achieve a vi
sual representation in which more connected nodes are placed centrally, 
and ones with lower connectivity are placed towards the periphery of 
the network. FA2 is a force-directed layout that simulates a physical 
system to spatialise a network. Nodes repulse each other like charged 
particles, while edges attract their nodes, like springs. These forces 
create a movement that converges to a balanced state, representing a 
network. The refinement of the network visualisation was performed by 
applying the LinLog, gravity and overlapping prevention layout settings 
[see Jacomy et al. [66], for its definition and mathematical basis]. 

Recently, in energy policy research, a similar methodological 
approach was adopted by Marra et al., [67]; Wishart, [68]; Shen et al., 
[69]. More specifically, Zhou, Wu and Hu [70], used SNA to map the 
policy evolution of the EV industry in China using government EV policy 
documents. Matschoss and Repo [71] have used SNA to derive network 
typology of EV transition pathways in Finland. Marra, Antonelli and 
Pozzi [72], have used a similar network analysis approach to identify 
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Fig. 3. Distribution of EV-related interactions on Facebook posts.  
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automotive green-tech specialisation in San Francisco, New York and 
London. Finally, Bakker, Leguijt and Van Lente [73] have used a 
network-based approach to identify key actors in EV recharging plugs’ 
standardisation. 

While the network visualisation demonstrates the PESTLE di
mensions in public EV communications, the latent clusters of topics 
extracted using topic modelling are critical to contextualised policy 
design, as presented in the next section. 

3.3. Topic modelling using Latent Dirichlet Allocation algorithm 

The 36,000 Facebook public posts on electric vehicles (EV) in the U. 
S. generated a text corpus of approximately 600,000 words/terms, as 
mentioned in section 3.1. This text corpus was used as the primary data 
for topic modelling (TM). TM refers to the task of identifying topics that 
best describes a set of documents. It is a natural language processing 
methodology that extracts latent clusters of closely related words based 
on relative probability values. It is now widely used as a computational 
social science tool in public policy [74–77], energy policy [78,79], 
disaster management [80], political science and rhetoric analysis 
[81–84]. It is a state-of-the-art method in policy analysis using data 
science-driven approaches. 

TM using Latent Dirichlet Allocation (LDA) algorithm is an advanced 
variant of textual analysis using machine learning. LDA is an unsuper
vised machine learning technique that automatically analyses text data 
to determine a cluster of high probable words from a set of documents. 
The foundational background was proposed by Blei, Ng and Jordan 
[85], which was based on the basic idea that each document can be 
expressed as a distribution of topics, and the distribution of words can 
describe each topic. It was used to extract latent topic clusters con
cerning PESTLE attributes from the text corpus of ~600,000 words on 
EV-related public posts on Facebook (see Fig. 3). 

p(D|α, β)=
∏M

d=1

∫

p(θd|α)
(
∏Nd

n=1

∑

zdn

p(zdn|θd)p(wdn|zdn, β)

)

dθd (1) 

The mathematical foundation for LDA is illustrated in eq [1], after 
Blei, Ng and Jordan [85],that shows the probability of a specific word 
(w) in a topic cluster (z) in unique documents (M). ‘α’ and ‘β’ are the 
hyperparameters of the Dirichlet distribution (see eq. (1)). A third 
hyperparameter ‘γ’ is needed to set the number of topics. We have used a 
cross-validation metric of perplexity scores [86] and the ldatuning 
(v0.2.0) algorithm in R [87] to determine the approximate number of 
topics under each PESTLE categories. Perplexity is a measure of how 
well a probability model fits a new set of data. It was calculated for 
cross-validation using the ‘perplexity’ function in the topicmodels 
(v0.2-8) package in R [88]. It included dividing the data into five sub
sets, and each subset gets one turn as the validation set and four turns as 
part of the training set. The ldatuning algorithm [87] used an iterative 
process to best-fit the model using the benchmarking criteria of Arun 
2010, CaoJuan2009, Griffiths2004 and Deveaud2014. The 
cross-validation results are presented in Appendix. A similar 
cross-validation approach was adopted by Refs. [76,77,79]. 

The analysis consisted of two steps. The first step was the pre- 
processing of the text corpus by removing all the stop words (e.g., ar
ticles, such as “a,” “an,” and “the,” and prepositions, such as “of,” “by,” 
and “from”), numbers, and punctuation characters and converted the 
text to lowercase. It also involved removing the inflectional endings of 
words and converting the grammatical form into its base/dictionary 
form. This step is usually referred to as lemmatisation in natural lan
guage processing [89]. 

The second step was the conversation of the lemmatised corpus into 

document-term-matrix (DTM), using the tidytext (v0.2.0) package in R. 
The DTM was converted as per the tidydata rules presented by Silge and 
Robinson [90]. Here, each sentence was treated as a document in the 
DTM that resulted in (M) unique documents that had w (words) and z 
(topics) as per eq [1]. It was created for each PESTLE category. Once the 
appropriate topic clusters were extracted, the results were presented in a 
tabulated format with the probability values (β) of each word in each 
topic cluster. The extracted topics were further analysed and interpreted 
with the network of communities derived through the ForceAtlas2 al
gorithm in SNA, as mentioned in section 3.2. The combined interpre
tation revealed critical intersectional focus points concerning EV-related 
crowdsourced data in the U.S., and implications were drawn for con
textualised policymaking. 

4. Results 

4.1. Social media interactions and PESTLE dimensions 

This section expands on Fig. 3 to illustrate the EV-related posts on 
Facebook between January and October 2020 that received the most 
attention (see section 3.1). Fig. 4 demonstrates the headlines/titles of 
the posts most interacted in the PESTLE categories, i.e., it represents the 
posts that received at least 4000 interactions over the analysis period. 

It can be seen in Fig. 4a for the political (P) category that the most 
attention was given to topics related to EV tax, subsidies and federal 
spending plans. In Fig. 4b, economy (E) shows the highest attention 
topics associated with EV-market expansion, oil shock effects and EV- 
related consumer fees. The Social (S) dimension shows the highest in
teractions topics were industry-led EV investment and job creation, 
clean air and economic savings from EV adoption (see Fig. 4c). The post 
that received the most attention in the Technology (T) were related to 
new charging and battery tech, renewable energy infrastructure and 
consumer report of EV adoption (Fig. 4d). Finally, the Legal (L) and 
Environmental (E) dimensions had high attention topics on federal bills 
and legal framework, climate change and EV-related sustainability 
discourse (see Fig. 4e and f). The following section explores the network 
structure of these interactions. 

4.2. PESTLE network structures using SNA 

This section presents the results of social network analysis (SNA) per 
PESTLE categories. The network characteristics of each category are 
illustrated in Table 1 that reports metrics like mean path length, inde
gree, betweenness centrality and modulatory (detailed definition of 
their metrics is presented in the Appendix). The highest modularity was 
observed for the Economic network (0.981), followed by the Legal 
(0.971) and Political network (0.959), respectively. High modularity 
value implies there are dense connections between the nodes within 
modules but sparse connections between nodes in different modules. For 
examples for the Economic network 98.1% of the edges are inside the 
modules while only 1.9% connect the modules (the configuration has 
sparse intermodular coupling). Thus, illustrating that these networks 
have more significant interactions within respective modules, i.e., spe
cific EV-related pages have higher interactions within the same clusters. 
The corresponding high modularity network structures are illustrated in 
Fig. 5. 

Fig. 5a illustrates the network associated with the EV-related Polit
ical attributes that show three high modularity nodes. These nodes are 
associated with the government’s institutional discourse, technology 
policy of EV and the politics around EV technology in the U.S. The 
institutional discourses reported communication around federal 
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Fig. 4. Distribution of EV-related social media interactions as per PESTLE dimensions. The text boxes illustrate headlines/titles of posts with at least 4000 in
teractions. [Note: x-axis shows the month and the day of the post, y-axis shows the frequency of interactions]. 
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Fig. 4. (continued). 
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agencies like the Environmental Protection Agency (EPA) that indicated 
the need for structural changes following the elections (see Grey Nodes 
in Fig. 5a). There are also indications of funds being allocated for EV- 
infrastructure, like ‘House approves $1.5 Trillion to fix crumbling 

infrastructure’. Private sector involvement helped shape the political 
narratives of net-zero, like ‘Amazon orders 100 K electric delivery ve
hicles in a move to go net-zero; GM to invest $2.8 Billion to build EV’. 

Public engagement events like tours to renewable energy sites, 

Table 1 
Network characteristics.  

Parameters Political Economic Social Technological Legal Environmental 

Nodes 2416 991 2359 3178 364 2195 
Edges 2340 1033 2237 4008 295 2643 
Mean path length 1.012 1.018 1.009 1.019 1 1.014 
In-degree (mean, [S.D.]) 0–5 (0.652, 

[3.033]) 
0–5 (0.729, 
[1.122]) 

0–5 (0.006, 
[2.886]) 

0–9 (0.903, [1.162]) 0–8 (0.895, 
[1.436]) 

0–8 (0.867, [0.911]) 

Betweenness centrality (mean [S. 
D.]) 

0–3 (0.014, 
[0.128]) 

0–4 (0.04, [0.085]) 0–3 (0.006, 
[0.116]) 

0–15 (0.017, 
[0.456]) 

0 (0) 0–10 (0.011, 
[0.284]) 

Modularity 0.959 0.981 0.950 0.891 0.971 0.898 

Note: S.D. refers to Standard Deviation. 

Fig. 5. Networks with high modularity.  
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campaigns promoting EV adoption and outreach activities on EV edu
cation through social media platforms indicated efforts to create capa
bilities, skills, knowledge and facilities to successfully shape EV as a 
useful service or product to support national low-carbon goals. It 
showed the technology policy discourse cluster in the political category 

(see Black nodes in Fig. 5a). 
Fig. 5b demonstrated the clusters in the Legal category. It implied to 

focus on establishing EV-related environmental law, tax credit planning, 
lawsuit settlements and legal frameworks (see Green nodes) around 
pollution control through EV-buses, public and private transportation 

Fig. 5. (continued). 
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Fig. 5. (continued). 
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Fig. 6. Networks with high values of betweenness centrality.  

R. Debnath et al.                                                                                                                                                                                                                                



Renewable and Sustainable Energy Reviews 152 (2021) 111707

14

Fig. 6. (continued). 
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fleets like Uber and Lyft (see Orange nodes). A higher node density was 
observed around legal aspects concerning EV-related employment shift, 
infrastructural demand (charging station and manufacturing facilities) 
and retrofitting policies/options around gasoline to EV conversion (see 
Pink Nodes in Fig. 5b). 

The identified Economic attributes are presented in Fig. 5c, primarily 
divided into the EV-tech and consumer-oriented market. The general
ised economic discourse was the placement of the EV market develop
ment as the third industrial revolution (see Grey Nodes). An established 
benchmark was Tesla, as it makes up well over half of all US EV sales (see 
Green Nodes in Fig. 5c). Other aspects included EV market-based com
parison to the situations in China and the EU (see Pink nodes); specif
ically, a significant node clustering was seen in the EV-technology 
segment (see Black nodes). Thus, indicating that the technical specifi
cations around EVs can be critical policy focus points that can influence 
consumer acceptance. Covid-19 and its impact on EV sales also emerged 
as clusters showing the significance of unpredicted shocks (see Red 
Nodes in Fig. 5c). 

The betweenness centrality measure for each PESTLE network 
category explained the amount of influence a node has over the flow of 
information in the graph. High betweenness centrality range is observed 
for the Technological category (0–15) and the Environmental category 
(0–10), as presented in Table 1 and Fig. 6. It infers that within these 
categories, few clusters may hold authority over disparate clusters. For 
example, a specific post about EV technology or environmental benefits 
may show higher interaction overshadowing other posts within the same 
network structure. On the contrary, the Legal category has 0 between
ness centrality indicating sparse nodes that do not influence the flow of 
information, i.e., nascent stages of EV legislation. Relatively low 
betweenness count was derived for Political, Economic and Social cat
egories suggesting low information flow in the public domain (see 
Table 1). 

Dense communities can be seen in Fig. 6a, indicating higher EV in
teractions and its environmental impact related posts. We detected four 
broader sections in the Environmental attribute network. It includes 
intersections around transportation and climate policies, vehicle-to-grid 
energy sharing and posts on the field trial of gas station retrofitting into 
electric charging stations (see Orange ‘nodes in Fig. 6a). Environmental 
policy-related posts also clustered around urban planning-based mea
sures like electrifying the garbage and sanitation trucks in all US major 
cities (see Green Nodes Fig. 6a). Public discourse was set around the 
health benefits of EV towards ng through cleaner air, identified through 
higher node density (see the Blue Nodes in Fig. 6a). Besides, clean en
ergy, economy, and climate action through EV was a critical pinch point 
around EV-communications in the Facebook pages (see Grey Nodes in 
Fig. 6a). Public sensitisation on EV’s environmental benefits was done 
through webinars, podcasts and door-to-door test drive programs. For 
example, several Green nodes in Fig. 6a showed topics like ‘Electric 
Vehicle 101’, ‘100% renewable campuses webinar’, ‘Zoom in! The basics of 
Driving Electric in Maine’, etcetera. 

Fig. 6b shows the network structure of Technological attributes 
associated with the EV-related posts. This attribute also has a high range 
of betweenness centrality, as mentioned in Table 1. The EV-related posts 
have four high-density clusters, as shown in Fig. 6b. The technological 
development around EV has moved beyond automotive innovation and 
is shaping an emerging service industry. It has critical energy policy 
implications, especially if consumers can use electric vehicles/cars on a 
subscription-like any other technology-based service. It further indicates 
a structural shift across the EV supply chain, as it transcends towards a 
service sector with higher ownership. 

Another critical technological attribute was the battery and charging 

technology innovation, as it remains a critical purchase decision factor 
for consumers [3]. Similarly, technological advancements can also be 
observed in the dense clusters around the micro-electronics and micro
controller technology in the EV (see Blue Nodes in Fig. 6b). It indicates 
an increased focus on developing next-generation capabilities for the EV 
that can, in turn, develop a service sector around the vehicle. Interna
tional competition concerning EV-technology development remains 
high, and significant social media interactions were made in this 
domain, see the Green Nodes in Fig. 6b. 

The social dimension of EVs showed interesting intersectionality 
with legal and environmental attributes. A critical discourse around it 
was, ‘We all can benefit from more electric vehicles’ (see Green Nodes in 
Fig. 7). It shaped EV’s social justice and welfare dimensions linked with 
the environmental benefits like cleaner air, less pollution, climate 
change mitigation, and better health for all. It is further implicated in the 
smart city discourse (see Grey Nodes in Fig. 7). While EVs’ promise (like 
EVs can create more jobs) is generally accepted, there is considerable 
criticism of EVs leading to job cuts (see Fig. 4). It can be argued that 
stories that highlight EV’s uncertainty might be popular among the 
conventional ICE lovers or climate sceptics. However, assessing such 
sentimental differences and the impacts of EV policies on society is 
beyond the scope of the work. 

4.3. Topic models of PESTLE categories 

The optimal number of topic clusters derived from the 600,000-text 
corpus using machine learning-driven topic modelling through Latent 
Dirichlet Allocation (LDA) algorithm is illustrated in Table 2. The topic 
numbers were derived through the cross-validation process described in 
section 3.2, along with the theoretical basis of the topic modelling using 
LDA. These topic clusters present the latent semantic structures of EV- 
related public communications in the U.S. as per the PESTLE categories. 

The topic models for each PESTLE category are presented in Table 3, 
with ‘β’ signifying the probability values of a word/term in a particular 
topic cluster. The top five words/terms with the highest probability are 
presented under each cluster for ease of interpretation. We interpreted 
the topic models as critical PESTLE narratives to better understand the 
EV-related public communications for contextualised policy design 
applications. 

Five topics were extracted for the Political category (see Table 3). 
Topic 1 indicates a generalised political narrative concerning the need 
for infrastructural change to accelerate EV adoption. Relative high 
probability of the words ‘state’ (β = 0.010) in topic 1 further expand on 
the need for state-backed policies to establish adequate infrastructure 
for this transition from ICEVs to EVs. Topic 2, topics 3 and 5 expanded 
on the above narrative. They established a statement that the federal 
government is actively electrifying and modernising its service vehicle 
fleet by spending billions of funds. Words like ‘mail_truck’ (β = 0.0075); 
‘modernisation’ (β = 0.0050); ‘fund_bill’ (β = 0.010); ‘billion’ (β =
0.015) supports this political narrative. Similarly, Topic 5 also illustrates 
policy challenges associated with increasing the demand for EVs while 
the current status of battery technology (β = 0.011) and charging 
infrastructure remains unappealing in the consumer market ((β =
0.005). Interestingly, topic 4 highlights important political discourse 
around the Trump-Biden election and the future of climate policies (see 
Table 3-Political) that impacts the politics around EV in the U.S. 

The topics extracted from the Economic category (see Table 3) are 
coherent with the network clusters identified in Fig. 5c. The economic 
narratives around EV are set around the market dominance of Tesla in 
comparison to emerging EV start-ups in the US (see Topic 2 and Topic 3). 
The critical intersection was observed between the Political and Legal 
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Fig. 7. Social dimensions of EV – posts in U.S. social media [Note: Green nodes indicate discourses on environmental and climate justice of EV; Black nodes indicate 
discourse on economic benefit of EV; Blue nodes indicate social justice and welfare benefits of EV; and Grey nodes indicate smart city discourse of EV].. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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discourse and topic 5 and topic 6 of the Economic category that stressed 
the need for tax (β = 0.006), pricing structure (β = 0.042) and policy 
frameworks (β = 0.005) to make EV affordable in the current market. 
Besides, topic 5 reiterates EV-related urban mobility challenges (β =
0.002) of high cost (β = 0.005) and battery (β = 0.005) technology 
limitations. 

The topic extracted concerning the PESTLE framework’s social 
dimension is also comprehensible with the network structure illustrated 
in Fig. 7. Four topics generalise the social justice and equity narrative 
associated with EV ownership in the U.S (see Table 3). For example, 
topic 1 expands on the need for state support (β = 0.010) to make EV 
affordable (β = 0.018) in the community. Topic 2 highlights the 
perceived welfare benefits (β = 0.008) of EV through cleaner air (β =
0.005), and its implied health benefits (β = 0.005). Thus, building the 
narrative on EV and social justice with questions like ‘How can electric 
vehicles help advance social justice?’ (see Fig. 8). Topic 4 illustrate mass 
sensitisation and public engagement efforts to motivate the public for EV 
ownership through webinars, seminars, community tours and test drive 
sessions (also illustrated in Fig. 7). Alongside, topic 3 developed the 
social narrative around the need for cheaper (β = 0.008) EV to fulfil the 
broader objective of affordable transportation in the US. 

Three topics were extracted for the Technological section (see 
Table 3), which aligns with the network communities illustrated in 
Fig. 6b. It further illustrates the existing challenges with battery and 
charging technologies, as the customer wants fast charging (β = 0.008) 
and a better driving range (β = 0.0065) (see Topic 1 – Technological 
section in Table 3). Improving the system efficiency (β = 0.011) and 
battery cost reduction (β = 0.018) was an essential element of topic 2, 
along with heavy research focus on electronics (β = 0.050). Topic 3 
validated our assumption from Fig. 6b that the business model around 
EV is now shaping towards a mobility-based (β = 0.046) service industry 
(β = 0.038). 

The legal topics extracted showed higher probability of terms like 
‘bill’ (β = 0.025), ‘state’ (β = 0.011), ‘tax’ (β = 0.038), ‘environ
mental_law’ (β = 0.002), etcetera. It implied the growing focus on the 
legal framework around EV ownership concerning tax and subsidies 
phaseout, supporting the network-based findings in Fig. 5b. The tax and 
subsidies related discourses had the highest social media interactions in 
the Political category, as illustrated in Fig. 4, like ‘Federal EV tax credit: 
unnecessary, inefficient, unpopular, costly, and unfair’, and ‘EV Freedom 
Act:’ Just Another Taxpayer-Funded Payout to Wealthy Elites’. 

Four topics were extracted in the environment section (see Table 3) 
that shapes the narratives around the benefits of clean air and a 
pollution-free environment on the citizens’ health and well-being (see 
Topic 1). It is complementary to the social sections, as mentioned above. 
Moreover, these topics explain the node clusters in Figs. 6a and 8. 
Interestingly, topic 3 exemplifies the effect of the Covid-19 pandemic on 

EV narratives as ‘pandemic highlights need for equity in electric trans
portation’. Similar evidence can be inferred from Fig. 6a, showing that 
automakers pushed for EV sales with a pandemic storyline. For example, 
‘Coronavirus got rid of smog. Can electric cars do so permanently?‘. 

5. Discussion 

We studied EV-related social media communications through 36,000 
public posts on Facebook in the U.S. to extract critical policy design 
information using the PESTLE (Political, Economic, Social, Technolog
ical, Legal and Environmental) framework. We used a mixed-method 
approach consisting of Social Network Analysis (SNA) and machine 
learning-based topic modelling using Latent Dirichlet Allocation (LDA) 
algorithm to derive PESTLE clusters; the results are shown in section 4.2 
and section 4.3, respectively. The SNA aided in identifying EV- 
information clusters within the PESTLE categories and shaped the 
broader narratives of contextualised policy design. Parallelly, the LDA 
extracted latent semantic topics from a ~600,000 text corpus of EV- 
related posts and clustered high probability topics as per the PESTLE 
segmentation. 

SNA results showed high modularity in the posts related to political, 
economic and legal categories (see Fig. 6), implying that the connec
tivity information is more broadly distributed throughout the PEL cat
egories. In comparison, STE was revealed to be more integrated (i.e., 
high betweenness centrality). It is more so because the STE dimensions 
are at advanced stages, while the PEL dimensions still require multi
faceted deliberations. Hence, the higher probability of topics in this 
context through topic modelling, as presented in Table 3. The intersec
tional policy focus points derived from these categories indicate that EV- 
policies and legal frameworks are still at an early stage as the derived 
topic clusters had high probability values associated with terms like 
‘bill’, ‘state’, ‘tax’, ‘environmental_law’ (see Legal in Table 3). The 
political-economic narrative is around how much funds are being allo
cated for EV projects, the tax and subsidy structure, and market 
advantage. Besides, a critical political attribute with EV was the posts 
concerning the federal vehicle fleet being electrified. It included elec
trification of mail delivery vans, sanitation and garbage trucks at the 
local government level, which is expected to create a market space for 
heavy-duty vehicles (see Fig. 5c and Table 3, Economic). However, the 
electrification of heavy-duty vehicles in practice is scarce due to tech
nological limitations. Such market change is critical for EV incentives in 
the U.S. (also inferred by Ref. [9]). 

In the political space, a topic cluster was extracted for the impact of 
the Biden-Trump election on the clean energy and low-carbon programs 
that significantly impact the politics of EV and its fund allocation (see 
Table 3, Political). It is coherent with the extracted topics in the legal 
categories of EV-related posts. It showed high probability words like 
environment law, grants and charging infrastructure (see Table 3, 
Legal). Topic 1 in the legal category also showed news concerning 
‘Biden’ as a high probability term (see Table 3) that illustrated ongoing 
clean energy and climate action debate with the upcoming Biden 
administration in the United States. 

The environmental dimension of EV communications showed more 
significant interactions with topics associated with clean air, low 
pollution, better health and well-being (see Table 3). Fig. 6 further 
illustrated greater community structures (i.e. high modularity) in the 
environmental category that implied more posts being shared on EV’s 
environmental benefits. It remains a critical motivational factor for 
consumers [2,13]. Additionally, policy narratives connecting clean en
ergy – health nexus were shaped through extensive webinars to sensitise 

Table 2 
Optimal topic determination using ldatuning benchmarking criteria.  

PESTLE categories Number of topics Benchmarking criteriaa 

Political 5 Deveaud2014; CaoJuan2009 
Economic 6 CaoJuan2009 
Social 4 Deveaud2014; CaoJuan2009 
Technological 3 Deveaud2014 
Legal 2 Griffiths2004; CaoJuan2009 
Environmental 4 Deveaud2014; CaoJuan2009  

a Detailed validation results are presented in the appendix. 
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Table 3 
Topic extracted by LDA as per the PESTLE categories.  

Political 

Topic 1 Prob (β) Topic 2 Prob (β) Topic 3 Prob (β) 

electric_vehicle 0.050 Electric 0.045 cheap 0.005 
gas_car 0.025 new_company 0.012 mail_truck 0.075 
Charge 0.020 billion 0.015 modernisation 0.050 
State 0.010 battery 0.009 policy_bill 0.025 
New 0.008 general_motor 0.002 transportation 0.025 
infrastructure 0.005 funds_bill 0.010 cities 0.010 
Topic 4 Prob (β) Topic 5 Prob (β)   

save_climate 0.018 clean_energy 0.025   
Biden 0.015 vehicle 0.023   
Trump 0.011 low_demand 0.015   
Election 0.010 battery_tech 0.011   
Leadership 0.005 market_share 0.005   
Economic 

Topic 1 Prob (β) Topic 2 Prob (β) Topic 3 Prob (β) 

electic_vehicle 0.028 ev 0.040 electric_vehicle 0.048 
energy_use 0.015 business_plan 0.025 tesla 0.033 
Ford 0.011 market_share 0.018 battery 0.018 
market_first 0.005 company 0.007 startups 0.009 
Use 0.002 launch 0.002 fleet 0.005 
Topic 4 Prob (β) Topic 5 Prob (β) Topic 6 Prob (β) 

manufacturer 0.028 ev_drive 0.055 city 0.033 
gas_vehicle 0.008 pricing 0.042 new_platform 0.012 
Climate 0.033 tax 0.015 high_cost 0.005 
Clean 0.030 affordable 0.006 battery 0.005 
Plan 0.002 policy 0.005 mobility 0.002 
Social 

Topic 1 Prob (β) Topic 2 Prob (β) Topic 3 Prob (β) 

customer_model 0.023 equity 0.035 clean_fuel 0.021 
affordability 0.018 sustainable 0.012 transportation 0.010 
state_backed 0.010 welfare 0.008 cheap 0.008 
Solution 0.005 clean_air 0.005 infrastructure 0.0025 
community 0.001 health 0.005 benefit 0.0012 
Topic 4 Prob (β)     

Webinar 0.025     
Seminar 0.013     
ev_bill 0.009     
community 0.004     
Tour 0.002     
Technological 

Topic 1 Prob (β) Topic 2 Prob (β) Topic 3 Prob (β) 

Vehicle 0.039 electronics 0.050 mobility 0.046 
Battery 0.018 research 0.045 service 0.038 
Charging 0.008 model 0.020 industry 0.023 
Fast 0.0065 battery_cost 0.018 tesla 0.020 
Plugin 0.0023 system_efficiency 0.011 competition 0.009 
Legal 

Topic 1 Prob (β) Topic 2 Prob (β)   

Bill 0.025 tax 0.038   
State 0.011 charging 0.015   
Vehicle 0.005 electric_vehicle 0.010   
Biden 0.003 grant 0.003   
News 0.002 environment_law 0.002   
Environmental 

Topic 1 Prob (β) Topic 2 Prob (β) Topic 3 Prob (β) 

clean_air 0.030 climate 0.050 pandemic 0.055 
Health 0.025 emission 0.035 covid 0.050 
air_pollution 0.016 low_carbon 0.012 ev 0.050 
City 0.004 clean_future 0.005 sales 0.015 
Emission 0.0035 equity 0.005 environment 0.010 
Topic 4 Prob (β)     

Sanitation 0.025     
Trucks 0.010     
local_level 0.007     
fleet_purchase 0.002     
urban 0.002      
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consumers on EV’s benefits. 
Such webinars also sensitised on the economic saving aspects of 

owning EVs (see Fig. 5c). The equity and equality implications of EV are 
illustrated in the social category (see Table 3). Social dimensions 
accentuated the welfare effects of EV and clean energy that connected 
the better health, clean air and economic saving elements, see Figs. 7 
and 8. Thus, EV is presented as an enabler of distributive justice (also 
discussed in Refs. [91,92]). 

Technology policy-shaping was observed in EV’s technological 
dimension like high clusters in the charging and battery technology, as 
illustrated in Fig. 6b. It further expanded on EV as a growing service 
sector where consumers can avail of subscription-based electric vehicles 
(see Fig. 6b and Table 3). Additionally, high betweenness centrality was 
observed in the technology development of micro-electronics of EV. 
From a policy perspective, it infers manufacturers’ transitioning on 
developing EV as a ‘service’. Similar interconnections can be seen in the 
international market comparison cluster in Fig. 6b. 

6. Conclusion 

This study extracted inferences from EV-related public pages on 
Facebook in the United States to inform contextualised energy 

policymaking based on a PESTLE (Political, Economic, Social, Techno
logical, Legal and Environmental) category. Using computational social 
sciences, we adopted a data-driven approach to classify policy infor
mation based on the PESTLE categories and retrieve grounded knowl
edge on EV-related public communications. Methodologically, social 
network analysis (SNA) aided in visualising the network and community 
structure of information around the PESTLE dimensions. In addition, the 
parallel use of topic modelling using the Latent Dirichlet Allocation 
(LDA) algorithm helped extract hidden semantic themes within the 
PESTLE classification. 

The political posts indicated the current need for robust EV policies 
and funds to support national and state efforts of electrifying trans
portation, institutional discourse around modernisation of vehicle fleet 
and technology policy efforts concerning the battery and charging 
infrastructure. The political dimension of EV posts also revealed the 
influence of climate action and the clean energy debate in the Biden- 
Trump election campaign. Intersectionality was observed with the 
economic, technological and legal dimensions of EV-posts around 
market-oriented and development of EV as service-oriented. More than 
the automotive improvements and design innovation, more focus was on 
the micro-electronics of the electric vehicle at an industry level. It 
further showed a collective shift towards a service-sector model for EV 

Fig. 8. Intersections in environmental and social discourse around EV-posts in public pages.  
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ownership. Technology sensitisation through webinars and EV-tours 
was a norm of public engagement due to COVID-19 restrictions, which 
explains a critical demand-side policy action. Similarly, clean air and 
better health were critical environmental dimensions of EV posts. 

The social dimension of the EV posts further highlighted the ‘equity’ 
and ‘justice’ aspects of this technology. Information on EV’s energy 
policy implications was shared as a distributive justice element, thus 
influencing consumers for greater social media attention. It also has 
intersectional implications with the environmental dimension of climate 
justice and clean energy action. We also saw that the environmental and 
social justice discourse of EV is cumulatively shaping the legal di
mensions. The key conclusion that can be drawn from this study are:  

• Energy policy design of EV should leverage the social, environmental 
and energy justice dimensions, as it provides contexts to consumers.  

• Technology policy-shaping of EV depends on the acceptability of 
battery and charging technology to the market and consumers.  

• Political and legal dimensions of a just EV policy design require 
climate action and clean energy discourse across consumer groups. 
In addition, it places challenges around EV-tax allocations and sub
sidy design in the U.S.  

• The disruptive innovation generated by EV startups can be leveraged 
to shape the economic dimension. A critical intersection was 
observed with the technological developments shaping a service- 
oriented industry associated with electric vehicles. The manufac
turers are envisaging EV as a subscription-based service across the 
consumer groups in the U.S. 

• Effective communication of social and health benefits of EV owner
ship can be a motivating factor for influencing higher EV uptake. 

EV technology is transitioning into a service industry that may shape 
future mobility. While EV is centred around a robust environmental 
justice dimension, the social justice and welfare dimensions are critical 
to this technology’s success. Social media-based evidence presented here 
already shows a higher degree of sensitisation through outreach initia
tives. It is essential to understand the influential actors of EV adoption at 
a community level, such that subscription-based and shared ownership 
schemes can be designed. It was observed that climate action, clean 
energy and pollution-free attributes of EV over ICEV were extensively 
interacted within the public posts, indicating that consumers react better 
to these sentiments. Future consumer policies accounting for such sen
timents can influence more EV adoption. 

CrowdTangle’s terms and conditions limited the granularity of the 
social media data used in this study. While it provided a cross-sectional 

and novel dataset of aggregated public interactions on EV-related posts, 
it did not provide any user-specific interactions. Demographic knowl
edge of the users can further enhance the understanding of context- 
specific factors that can influence EV adoption. Besides, this study pre
sented the intersectionality of various PESTLE factors associated with 
EV-related public interactions at an industry level. Future work should 
build on such intersectional and data-driven approaches to counteract 
firm-level exclusions and include more relevant and informed stake
holders in the decision-making. Thus, expanding the applicability and 
complementarity of our approach is commonly used firm-level PESTLE 
analysis. 
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Appendix 

Common terminology used in the social network analysis in this study: 
Degree centrality is a measure of the number of social interactions or links that a node has. It is expressed as an integer or count. It assigns an 

importance score based simply on the number of links held by each node [1,2]. 
The indegree of a node is the number of incoming links to it from source nodes and refers to the number of posts who had confirmed interaction with 

a given target link [2]. 
‘Betweenness centrality measures the number of times a node lies on the shortest path between other nodes. This measure shows which nodes are 

‘bridges’ between nodes in a network. It does this by identifying all the shortest paths and then counting how many times each node falls on one. A high 
betweenness count could indicate someone holds authority over disparate clusters in a network, or just that they are on the periphery of both clusters’ 
[2]. 

‘Modularity is a measure of the structure of network or graphs. It was It was designed to measure the strength of division of a network into modules 
(also called groups, clusters or communities). Networks with high modularity have dense connections between the nodes within modules but sparse 
connections between nodes in different modules. Modularity is often used in optimization methods for detecting community structure in networks’ [2, 
3]. 

Validation results of LDA topic models: Perplexity scores and ldatuning metrics. 
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