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1. Introduction

Efficient infrastructure networks bring essential

public services to communities, including

electricity, transport, and water. However,

infrastructure projects can also create significant

disruptions, like loss of amenities, increased

noise, air or water pollution, or impacts on

local wildlife and human health. These adverse

effects may lead to negative sentiments and

reduced public support, resulting in delays or

even cancellations of infrastructure projects.

Hence, successful infrastructure developments

require identifying and addressing deteriorating

public endorsement in a timely manner.

Studies have shown that opposing movements

from residents or environmental groups are a

significant factor for infrastructure projects to

be canceled, delayed, and more expensive. For

example, McCarthy et al. (2020) found that

community opposition is the leading cause for

the cancellation of road infrastructure projects in

the United States. In Australia, developers had to

cancel the East West Link road in Melbourne after

contracts were agreed because a deterioration in

support for the project triggered protests (Alcorn,

2014). According to a report by the Victorian

Auditor-General (2015), this cancellation cost

Victorian taxpayers AU$1.1 billion. Similarly, the

HS2 rail project in the United Kingdom reported

to parliament that protests have already added

£200 million to its costs (Plimmer and Pickard,

2022).

The transport sector is not alone in facing

pushback; the energy sector also often faces

public opposition, especially from those living

close to potential project sites. For example,

the La Compagnie du Vent wind farm had to

remove four turbines from an already operating

wind farm in 2013 due to their impact on local

residents (Dodd, 2010). Despite the growing need

for greener energy generation, the public often

turns against new developments (Duxbury, 2021),

which can lead to additional costs for infras-

tructure developers, governments, and investors.

As a result, monitoring public attitudes toward

infrastructure sectors during development

processes is necessary to be able to intervene

promptly. Traditional approaches, like public

opinion surveys or long-term panel interviews

in the field, require time, money, and human

resources. As a consequence, infrastructure

developers can find that they have detected a

change in public opinion too late to react and

ensure their project is developed without inter-

ruptions. We propose using sentiment analysis

to measure social sentiments across various

infrastructure sectors and gain insights into

public opinions in an immediate and relatively

cost-effective approach.

In this paper, we describe our approach, develop

indices of social sentiment, apply this method to

wind power generation in the United States and

the United Kingdom, and validate sentiment as a

proxy for public acceptance. Wind power gener-

ation is a relatively mature renewable technology.

Given the current push toward cutting emissions

from electricity production, focusing on the wind

power sector provides an insightful analysis. The

literature review discusses the primary concept

of social acceptance and the latest developments

regarding using social media platforms (specifi-

cally Twitter) as a source of sentiment and public

opinion. Our results show that the sentiment

indices for the wind power sector correlate well

with other measures of public acceptance.
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2. Literature Review

Climate-related disasters have increased by

almost 75% in the 21st century compared with

the previous 20-year period. Storms, floods, and

heat, among others, not only affected 4 billion

people but also led to almost US$3 trillion in

economic losses (Thacker, S. et al., 2021). More

than ever, climate change requires massive

actions and investments in efficient infras-

tructure networks to address present challenges

and to build a more resilient environment,

economy, and society. Currently, the Global

Infrastructure Hub (2023) estimates an infras-

tructure investment gap of US$18 trillion.

The road and energy sector have one of the

most significant gaps, with US$8 trillion and

US$5.6 trillion, respectively, required to reach the

Paris Agreement and meet the UN Sustainable

Development Goals.

In order to build new infrastructure success-

fully and efficiently, infrastructure developers

need not only a legal but also a social license

to operate. A social license to operate is ”an

informal ’social contract’ between all stake-

holders giving project holders the consent they

need to develop, deliver, and operate a project,

through engaging with stakeholders and aligning

interests” (Vauban Infrastructure Partners, 2022,

4). Whether the public accepts an infrastructure

project can significantly influence project costs

and development time. The past has shown that

local residents have had significant legal wins

against infrastructure developers. For example,

local protests in Ireland stopped a wind farm

development after four years of costly legal

proceedings (The Kerryman, 2018). In Australia,

the Victorian Supreme Court ordered the Bald

Hills Wind Farm to compensate local residents

AU$260,000 in damages for noise pollution and

issued a permanent injunction to emit noise at

night (Field, 2022). Accordingly, infrastructure

developers need to monitor the social acceptance

of infrastructure projects to prevent timely and

costly legal proceedings and maintain a social

license to operate.

2.1 Social acceptance

A social license to operate is a sequential,

dynamic, and ongoing process in which commu-

nities and stakeholders form an opinion on

whether a project and its developers are legit-

imate, credible, and trustworthy. Social legit-

imacy - based on a community’s legal, social, and

cultural norms - builds the basis, and its absence

leads to the rejection of a project. If stake-

holders and communities perceive a project and

its developers as legitimate and credible, they can

accept (lower level of tolerance or consensus) or

- with an increased perception of credibility and

trust - approve (higher level of agreement and

support) and even co-own a project (see Figure 1).

Additionally, a social license to operate requires a

shared sentiment of all levels across the involved

stakeholders and communities (Thomson and

Boutilier, 2020). When analysing social support

for infrastructure projects, most studies focus

on the level of social acceptance and do not

differentiate between acceptance and approval.

Accordingly, our paper follows the dichotomous

distinction between social acceptance - including

all levels of tolerance of, support for, and identi-

fication with a project - and opposition.

Due to its interdisciplinary nature, the literature

on social acceptance hardly provides a clear and

consistent definition of the concept. Generally,

the research field should differentiate between

social acceptability and social acceptance (Busse

and Siebert, 2018). Social acceptability describes

the intersubjective and dynamic process of

socio-political dimension influenced by individual

attitudes, inter- and intrapersonal evaluations,
4
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Figure 1: Levels of social license to operate and respective indicators (Thomson and Boutilier, 2020)

and perceptions of involved stakeholders, circum-

stances, and the broader economic and political

situation. In contrast, social acceptance is the

positive result and outcome of the acceptability

process at a specific point in time. Due to

the ongoing acceptability process and interac-

tions between stakeholders, social acceptance

can change over time (Busse and Siebert, 2018).

Wüstenhagen et al. (2007) provide one of

the most cited definitions and classifications

of social acceptance. They divide the concept

into three categories of socio-political accep-

tance, community acceptance, andmarket accep-

tance. These three categories refer to different

groups that represent various interests. Socio-

political acceptance relates to the broad accep-

tance of policies and new technologies by

the public, key stakeholders, and policymakers.

Community acceptance relates to local accep-

tance by communities and authorities directly

affected by siting decisions around infrastructure

assets. Market acceptance relates to consumers’

and investors’ willingness to actively demand and

invest in new technologies and renewable infras-

tructure assets (Wüstenhagen et al., 2007).

Often, the public’s socio-political acceptance of

renewable energy on a global level is high, while

the community acceptance of specific infras-

tructure projects on a local level or the market

acceptance to invest in such solutions is low.

The concept of NIMBYism (”not in my backyard”)

explains this phenomenon. NIMBYism describes

people’s general acceptance of an innovation or

technology but their disapproval of a specific

project when it affects them directly (Carley

et al., 2020; Devine-Wright, 2005; Wüsten-

hagen et al., 2007). Besides the controversial

”NIMBY syndrome” (Busse and Siebert, 2018,

240), Wüstenhagen et al. (2007) add a time

dimension that contributes to the community

acceptance. Accordingly, we suggest applying not

just the community acceptance but all three

of Wüstenhagen et al.’s (2007) categories to

the different levels of the social license to

operate approach (Thomson and Boutilier, 2020):

a broad socio-political acceptance might refer

to a relatively neutral tolerance, but it requires

community acceptance to receive the approval

from local stakeholders to plan and build an

infrastructure project. While communities might

be sceptical toward infrastructure projects early
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in the development cycle, they often become

more supportive when they experience a project’s

benefits over time. Finally, market acceptance is

needed for consumers and investors to support

and run the asset in the long run. Combining both

theoretical frameworks supports the definition of

social acceptability as a process that runs through

various intersubjective levels that lead to socio-

political, community, and market acceptance and,

in the final step, provides a project with a social

license to operate.

For the purpose of this study, our main interest

lies in the outcome of the social acceptability

process and the risks for investors related to

the rejection of infrastructure projects. While the

process and dimensions can support explaining

the results of our analysis, we do not differentiate

between levels and dimensions of acceptance but

focus on measuring social acceptance.

2.2 Social media as a source of public

opinion

Initially, most studies conducted surveys to

measure social acceptance (for an overview,

see Batel, 2020; Busse and Siebert, 2018). For

example, Ribeiro et al. (2014) analysed the social

acceptance of renewable energy technologies

in Portugal. Surveying people from different

regions with and without renewable energy

technologies and including specific questions

on community and market acceptance, the

researchers concluded that the overall accep-

tance would not lead to local opposition.

However, due to its design (conducting telephone

interviews), the study faced some limitations: the

exclusion of specific project developments and

proximity to actual infrastructure assets might

limit their conclusion. Another survey addressed

the gap between the abstract perspective of

socio-political acceptance and the concrete

perspective of community and market accep-

tance (Sütterlin and Siegrist, 2017). Based on

1,211 telephone interviews in Switzerland, they

found that people’s social acceptance of solar

power declines when confronted with drawbacks

from that energy system. Important to note is

that the interviews were conducted between one

and five years before the actual publication of the

results.

Designing and conducting surveys - especially

on a representative level - is a costly and time-

consuming process. Furthermore, public opinion

surveys mainly measure socio-political accep-

tance but often ignore the communities’ or

markets’ perspective (which studies have shown

remains a more significant risk factor than the

broad acceptance of the general public). Finally,

public opinion surveys primarily represent a

snapshot at a specific point in time but are

rarely conducted as longitudinal panel studies

that present the development of public opinion

over time.

With the growth of social media, the clear

boundaries between mediated and interpersonal

communication dissolve, and people can share

their opinions online with a wide audience. As

a result, the latest research has moved to alter-

native approaches and developed novel method-

ologies to measure public opinion and social

acceptance in written text people share online.

This data includes posts on social media platforms

like Twitter, reviews on Google or topic-specific

websites like Tripadvisor, forum discussions (e.g.,

Reddit), or blogs.

The microblogging service Twitter is an online

social network platform that combines news and

information and uses hashtags to make different

discourses visible. Twitter users can follow each

other unilaterally and according to interest. They

can disseminate information through posting

tweets or sharing so-called retweets (other

users’ tweets). Both can contain text, emojis,

pictures, videos, and links and are limited to 280

characters. [1] Users can engage in discourses

1 - In November 2017, Twitter doubled the maximum tweet
length from 140 to 280 characters. In early 2023, Twitter offered
a subscription service that allows ”Twitter Blue” users to publish
tweets with up to 10,000 characters.
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by liking and retweeting a tweet or replying and

mentioning a user directly to initiate a conver-

sation.

Many Twitter users are experts who aim to

share and receive the latest information in

their field of interest and who use the network

to discuss professional content rather than

connect personally. Of the 556 million Twitter

users in January 2023[2], most of them are

between 25 and 49 years old (59%), male (63%),

well educated (42% of users in the United

States have at least a bachelor’s degree), and

based in the United States (95.4m) and Japan

(67.5m), followed by India, Brazil, Indonesia, and

the United Kingdom (Kemp, 2023; Wojcik and

Hughes, 2019). Although Twitter has much fewer

active users than other social media platforms,

it is the leading platform for users to keep

up to date with news and current affairs and

the most visited website after Google, YouTube,

and Facebook (based on website traffic between

December 2021 and November 2022; Kemp,

2023), indicating that more people follow the

platform’s discourses without having an account.

Regarding social acceptance toward renewable

energy, Vågerö et al. (2023) and Kim et al.

(2021) analysed Twitter data to analyse social

acceptance toward wind energy in Norway and

solar power in the United States, respectively.

Both studies applied similar machine learning

techniques (NorBERT and RoBERTa). These are

Natural Language Processing (NLP) approaches

that measure sentiment in textual data. Vågerö

et al. (2023) and Kim et al. (2021) used geospatial

information Twitter users share on their profiles

to understand regional differences. While the

study in the United States showed a clear corre-

lation between sentiment and political orien-

tation, Vågerö et al. (2023) found that the

sentiment in Norway varied between regions but

2 - Until Q3/2021, Twitter used to report the average daily active
users but changed its reporting approach to the potential audience
reach of advertisements. Hence, user numbers may not be compa-
rable over time.

did not provide clear patterns or explanations for

the differences.

2.3 Sentiment analysis using Twitter

data

The increasing sophistication of sentiment

analysis has fuelled its popularity across many

disciplines and beyond the use of Twitter data. For

example, Shapiro et al. (2022) applied sentiment

analysis to economic and financial newspaper

articles and detected that positive sentiment

shocks increase consumption, decrease inflation,

and let to a rise in interest rates. O’Connor

et al. (2010) applied a lexicon containing

positive and negative words to Twitter data to

estimate sentiment word frequencies and hence,

the public’s political opinion. In comparison,

Loughran and McDonald (2011) found that

general lexicons misclassify words in financial

texts and thus, developed a finance-specific

dictionary. They applied the dictionary to 10-K

reports and found that negative word counts

correlate significantly with announcement

returns. In terms of social acceptance of energy

technologies, Nuortimo and Härkönen (2018)

applied machine learning techniques and

compared social sentiment on various social

media platforms and news outlets and of

different energy technologies.

While all these studies follow different focal

points, their approaches share the employment

of NLP techniques to measure sentiment on an

extensive collection of textual data. The aim

is to understand how the public, stakeholders,

or the industry think about products, services,

and innovations and what influences them in

decision-making processes (Liu, 2012). Algaba

et al. (2020, 547) defines sentiment in this context

as:
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”Sentiment equals the disposition

of an entity toward an entity,

expressed via a certain medium. This

working definition consists of (1)

the expression by an entity of its

disposition, in the form of verbal or

non-verbal communication, (2) the

expression has a polarity or a semantic

orientation measurable on a discrete

or a continuous scale, and (3) the

expression is oriented toward (an

aspect of) an entity.”

Entities can be, for example, consumer confi-

dence serving as a proxy for the state of the

economy or investor sentiment to monitor cash

flows and investment risks. These sentiments can

be expressed subjectively in consumer or investor

surveys or objectively in textual sentiment like

market data. Algaba et al. (2020) hypothesise

that media sentiment translates into consumer

or investor sentiment. This hypothesis follows the

idea of the so-called two-step flow of infor-

mation that describes how information flows

from the mass media to opinion leaders who

- in a second step - shape the public opinion

of the masses (Lazarsfeld et al., 1944; Katz and

Lazarsfeld, 1955). While themassmedia still influ-

ences the public to some extent, people use

social media platforms to share their opinions and

influence others.

As a result, monitoring sentiment on social media

can provide necessary insights into people’s

opinions and acceptance of infrastructure

projects and sectors. In this study, the entity of

positive and negative expressions from residents

in the United Kingdom and the United States

serve as a proxy to measure the entity of social

acceptance toward wind power generation.

Textual data from the social media platform

Twitter serve as a medium.

Overall, two main methodological directions to

sentiment analysis apply either statistical or

lexicographic models to identify the polarity[3]

of a text in order to determine the sentiment

expressed (Shapiro et al., 2022). The lexico-

graphic approach involves linking dictionaries or

phrases with their corresponding polarity valence,

while the statistical - or machine learning -

approach involves constructing statistical models

that ’learn’ the polarity of the text passage.

The latter sentiment analysis approach employs

NLP techniques from machine learning. These

techniques develop statistical models to

determine the polarity of a text based on

pre-annotated datasets. Researchers can either

naturally label[4] or professionally curate[5]

text to develop those pre-annotated datasets.

Creating pre-annotated datasets - especially

those manually labelled - requires employing

human annotators, which is not only cost- and

time-intensive but can also lead to biases. As

summarised by Paullada et al. (2021), annotation

work is interpretative, and failure to properly train

and supervise the annotators can result in biases

creeping into the dataset. The pre-annotated

dataset is then used to train the machine on

patterns, structures, and word combinations for

each polarity direction. Finally, the machine can

be applied to large datasets to identify positive,

negative, and neutral sentiments in text passages.

As the process shows, statistical models require

large datasets as each step (pre-annotation,

learning, and analysis) requires different data to

analyse sentiment reliably.

Alternatively, the lexicographic approach involves

curating a set of pre-defined words or phrases

(a dictionary) and ranking each by their valence

1, 0, and -1 for positive, neutral, and negative

sentiment. Dictionaries match and count word

occurrences and summarise the expressed

3 - The polarity of a text means whether it expresses a positive,
neutral, or negative view.

4 - Texts like movie or customer reviews are often naturally
labelled texts that provide specific tags automatically when
collecting the data. Usually, the reviewing author provides those
tags; hence, it can be assumed that they accurately reflect the
person’s sentiment.

5 - In this case, researchers would manually label text as positive,
negative, or neutral to create a dataset similar to naturally labelled
data.
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sentiment based on the valence in the dictionary

(Shapiro et al., 2022). As previous studies have

shown, dictionaries are more precise in analysing

sentiment when treated as domain-specific and

compiled by subject matter experts (Loughran

and McDonald, 2011). For the lexicographic

approach, constructing domain-specific dictio-

naries is the most labour-intensive step. Once

the dictionary is developed, it can be applied to

any type of text to count the occurrences and

valences of the words and estimate the overall

sentiment of the text. However, by only including

words, the lexicographic approach loses infor-

mation around the context of how the words

are used in a sentence or longer text passage.

To mitigate such problems, researchers have

switched from employing words to employing

phrases in dictionaries, which has the side effect

of increasing the complexity of building a lexicon.

Following Shapiro et al. (2022), Shen and

Whittaker (2023) combined both approaches:

they applied the VADER dictionary (see more

in Chapter 3.3) to news articles to measure

news sentiment and identify social acceptance

toward wind farms. In the second step, they

manually labelled news articles. They used this

pre-annotated ’ground truth’ dataset to compute

the pointwise mutual information (PMI) and

improve the results of the sentiment analysis.

Finally, they built a sentiment index and time

series to present sentiment development over

time. Shen and Whittaker (2023) compared their

results with public opinion surveys to validate the

sentiment results as a proxy for social acceptance.

In this paper, we build on previous research and

aim to measure the social acceptance of wind

power generation by examining the sentiment of

Twitter posts from users residing in the United

Kingdom and the United States. Ourmethodology

(see Chapter 3) uses the lexicographic approach

and follows studies conducted by Shapiro et al.

(2022) and Shen and Whittaker (2023). In line

with other studies, we validate our results (see

Chapter 4) by comparing the results of the

sentiment analysis with results from measuring

news sentiment and public opinion surveys.

9
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3. Methodology and Data

The methodology of our study is based on

two research aims. Firstly, we aim to measure

social support and risk for infrastructure sectors

through the lens of sentiment shared by Twitter

users. Secondly, we aim to compare and - in

future studies - combine the results of our

sentiment analysis with results from sentiment

analysis using news articles (Shen and Whittaker,

2023) to further advance our methodology.

Accordingly, our methodology is designed in

line with Shen and Whittaker’s (2023) study, as

visualised in Figure 2 that explains the sentiment

analysis process.

1. We developed infrastructure- and ESG-

specific dictionaries that enabled us to

identify relevant Twitter data.

2. We pre-processed the imported Twitter

data to identify a final sample of ESG-related

tweets.

3. We measured sentiment scores for each

tweet in the data set.

4. We built a sentiment index to provide a

smooth time series of sentiment development

over the past ten years.

Steps 1-4 are described in more detail in the

following sections of this chapter.

5. We validated the sentiment results using

public opinion surveys and news sentiment.

Chapter 4 presents the results and the

validation of the constructed indices.

3.1 Sector and ESG dictionary

development

To assure quality control of our textual data and

to identify specific Twitter discourses on infras-

tructure sectors as well as filter for ESG-related

tweets, we applied a mixed methods approach to

develop the EDHECinfra Sector Dictionary and

the EDHECinfra ESG Dictionary. The dictionaries

follow TICCS’ (EDHECinfra, 2022) definition of

asset classes and the topics presented in the ESG

taxonomy (Manocha et al., 2022). Both dictio-

naries are based on a combination of keywords

and terms that aim to collect and filter data in the

most precise and inclusive way to assure quality

control during the sample selection process. We

developed the Sector Dictionary and the ESG

Dictionary in three steps: 1) research and devel-

opment of keywords, 2) data collection and

revision process, and 3) validation against news

articles.

To develop the EDHECinfra Sector Dictionary,

we manually listed keywords for each asset

class based on the TICCS definition, EHDEC’s

ESG Exposure Profiles[6], online dictionaries and

thesauruses, expert interviews, and the respective

Twitter discourse. Specifically the dictionaries,

thesauruses, and tweets helped to identify

terms with several meanings that needed to

be excluded. For example, for the asset class

IC605050 (”Stand-Alone Bridges”), the dictionary

needs to be able to exclude text on dental bridges,

the cards game Bridge, the stadium ”Stamford

Bridge,” or the expression ”a bridge too far,”

among others.

Second, we used this first version of the dictionary

to collect tweets from Twitter (n = 973,298

tweets for 68 asset classes). We used the asset-

specific samples to revise the dictionary based on

two insights: the number of tweets posted daily

and topic models identifying related topics and

keywords for each asset class. Accordingly, if a set

of keywords led to a small sample of tweets per

6 - The Exposure Profiles (EPs) aim to identify the main material
factors explaining the direct and indirect exposures to ESG risks
(risks related to environmental, social and governance issues) of
different types of infrastructure assets. The EPs follow the definition
of ESG risks and impacts developed by EDHECinfra’s ESG Taxonomy
(Manocha et al., 2022), and the definition of infrastructure assets
introduced by the TICCS classification standard (EDHECinfra, 2022).
The EPs set a minimum standard for ESG risk exposure assessment
and provide asset owners, asset managers, investors and other stake-
holders with a parsimonious view of the ESG profile of infrastructure
asset types.

10

Social Impact and Risk Analysis Using Twitter 10 June 20, 2023 9:39



Figure 2: Sentiment analysis process and data processing

day, we added further terms or made the combi-

nation of keywords less restrictive to widen the

selection and potentially be able to collect more

relevant tweets. Conversely, if the set of keywords

provided a large sample of tweets per day, we

used the results of the topic model analysis to

identify topics and keywords unrelated to the

respective asset class to exclude those terms in

future data collection and restrict the results.

To validate the revised dictionary and to test its

applicability to other forms of text, we applied

the dictionary to a sample of newspaper articles.

The articles were provided by Factiva, a global

news database, which tags each article by sector

similarly to the TICCS classification. In total,

556,619 articles covering six sectors built our

ground truth (GT) database. We applied the

dictionary to the articles, compared our results

with the Factiva tags, and calculated measures of

performance for each sector group. Despite the

F1 score (the harmonic mean between precision

and recall), we also focused on the specificity

score representing the ratio of correctly labelled

negatives (articles not covering the respective

sector). Compared to medical studies, we want

to avoid having tweets in our data set that

cover other topics (false positives) but would

not be affected by excluding tweets that cover

wind power generation (false negatives). Table

1 shows good to very good F1 scores for most

asset classes and very good specificity scores for

all asset classes. Accordingly, it can be assumed

that the dictionary selects relevant text precisely

and extensively among tweets, news articles,

and potentially other forms of text. The low

precision scores for solar and conventional power

relate to a higher number of false positives

(tweets and articles that cover sectors other than

wind power generation) and result from articles

covering multiple sectors when, for example,

comparing renewable and conventional forms

of power generation. Both dictionaries identify

sectors and ESG topics, respectively, based on

a simple keyword search but do not provide

information on specific foci. Accordingly, it can

be assumed that the dictionaries provide better

results when applied to Twitter, as tweets are

11
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Table 1: Accuracy, specificity, precision, recall, and F1 scores after revising the EDHECinfra Sector
Dictionary and applying it to selected news articles

Sector Dictionary

Sector
groups

Accuracy Specificity Precision Recall F1

Wind 0.983 0.984 0.864 0.973 0.915
Roads 0.905 0.898 0.817 0.919 0.865
Airports 0.873 0.975 0.921 0.647 0.760
Ports 0.949 0.991 0.894 0.609 0.725
Conv. Power 0.968 0.978 0.482 0.652 0.554
Solar 0.980 0.980 0.264 0.961 0.414

limited to a maximum of 280 characters and

hence, do not provide space to discuss several

sectors.

To develop the EDHECinfra ESG Dictionary,

we cover topics of social risks regarding four

actor groups as defined by the ESG Taxonomy

(Manocha et al., 2022): the public, customers,

employees, and regulators. To identify sets of

keywords that represent interest groups and

types of social risks, we ran anchored topic

models using the previously collected sector-

related Twitter data. Unlike unspecified topic

models, our studies apply anchored topic models

when expecting specific terms and topics to

appear in the data set (Gallagher et al., 2017). We

anchored topics presented in the ESG Taxonomy

and EHDEC’s Exposure Profiles to focus the

analyses on those terms.

In addition, we added three specific topics related

to EDHECinfra’s work on carbon emissions. With

the additional topics, we aim to explain social

risks and the results of sentiment development

over time. In detail, the topics cover:

l public impact: a sector’s impact on the

environment, wildlife, human health, and

communities; the public’s general accep-

tance; socio-economic factors; privatisation

perception

l customer service: a sector’s quality, afford-

ability, and accessibility of service (for direct

customers)

l working conditions: a sector’s reputation

regarding payment, working hours, work

safety, human and labour rights, and discrimi-

nation; workforce availability

l regulatory risks: a sector’s risks coming from

(ESG) regulations, reportings, climate change,

and transition goals; subsidies; corruption

l negative reputation: selective topics

regarding the four actor groups with a focus

on harmful and negatively impacted issues

l transition risks: a sector’s transition risks;

carbon emissions; carbon lock-in; stranded

assets

l carbon offset: a sector’s stand on carbon

offsets and carbon certificates

Based on the results of the anchored topic

models, the ESG Taxonomy, EHDEC’s Exposure

Profiles, and expert interviews, we created sets

of keywords representing different aspects of

social risks related to the four actor groups and

the three additional topics. Depending on the

asset class, some sets of keywords apply to all

or more asset classes (e.g., to identify text on

working hours and payment, a sector’s negative

reputation, or environmental impacts), whereas

others relate to one specific asset class (e.g., the

quality perception of airport areas and services or

the condition of roads). Internal discussions led to

several rounds of revisions.

Again, we tested the validity and applicability of

the ESG Dictionary on a sample of news articles.

At least four independent researchers manually
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Table 2: Accuracy, specificity, precision, recall, and F1 scores after revising the EDHECinfra ESG
Dictionary and applying it to selected news articles

ESG Dictionary

Sector
groups

Accuracy Specificity Precision Recall F1

Wind 0.782 0.429 0.964 0.800 0.874
+non-ESG BOW 0.630 0.459 0.597 0.800 0.684
Roads 0.898 0.0 0.941 0.951 0.946
+non-ESG BOW 0.608 0.265 0.564 0.951 0.708
Airports 0.730 0.444 0.901 0.785 0.839
+non-ESG BOW 0.602 0.419 0.575 0.785 0.664
Solar 0.750 0.400 0.961 0.768 0.854
+non-ESG BOW 0.537 0.305 0.525 0.768 0.624

Note: ”+non-ESG BOW” means we included additional bag-of-words from non-ESG-related articles about the respective sector that had
initially been excluded from the GT dataset before the labeling exercise. We added them here to balance the samples of ESG- and non-ESG-
related articles. Due to limited data availability, we added bag-of-words from airport articles to validate the ESG dictionary for the roads
sector.

analysed the news sample to create GT data that

defines whether each of those articles a) relates to

a specific asset class, b) is ESG-related or not, and

c) contains any positive or negative sentiment.

In total, our GT data set contained 461 articles,

out of which more than 92% were ESG-related.

We used the ESG Dictionary to filter relevant

articles, followed by comparing our results with

the GT data set to calculate the same perfor-

mance measures to determine the dictionary’s

quality. As the GT data was highly unbalanced, we

added non-ESG-related articles to balance ESG-

and non-ESG-related articles in the GT data set

and recalculated the measures of performance.

Table 2 presents the results of good to very good

F1 scores for all sector groups. Focusing on the

balanced data that includes non-ESG articles, the

specificity scores remained stable or improved in

some cases. As expected, most scores across all

sectors decreased when we added non-ESG data

to the sample. However, it needs to be considered

that the additional articles were neither GT data

nor tested. Accordingly, none of the data sets –

neither the balanced but untested nor the GT but

unbalanced data – offered an ideal but rather an

exploratory database to test the ESG Dictionary.

The appendix provides a complete list of all

included and excluded keywords needed to

identify text on wind power generation. Further,

we introduce selected subtopics and respective

keyword combinations covered by the ESG

Dictionary.

3.2 Data selection and pre-processing

While the Sector Dictionary can identify relevant

text for 52 infrastructure sector groups, this

study focuses on wind power generation. Accord-

ingly, the following data analysis presents the

respective data and results for on- and offshore

wind farms but can be applied to any other TICCS

infrastructure sector.

To identify tweets discussing wind power gener-

ation, we used the EDHECinfra Sector Dictionary

to create a query for Twitter’s Academic API.

The query specified all included and excluded

keywords (see Appendix A), the exclusion of

retweets[7] and tweets in languages other than

English, and the time frame from January 2013

to March 2023.

After importing the available tweets from Twitter,

we pre-processed the raw data to clean it from

outliers[8], duplicated tweets, tweets that start

7 - Retweets are shared tweets of an original post by another
user. As retweets would lead to extensive duplications in the data
set, we only included original tweets, replies, and quotes.

8 - Here, outliers are users with an extreme amount of tweets
with less value to the Twitter discourse on infrastructure, for
example, users who report on the amount of wind power generation
in a specific region daily or even hourly.
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with ”RT,”[9] and tweets that contain only one

word. Further, we created a different version

of the original tweet in which we deleted

email addresses and links, removed punctuation,

numbers, whitespaces, and emojis, and saved

mentioned users separately from the tweet. We

used this standardised version of the tweet to

apply the ESG Dictionary to and filter relevant

tweets but kept the original version of the tweet

for the following sentiment analysis.

Furthermore, we applied the ESG dictionary and

identified tweets that related to ESG topics. Our

final data set contained N = 241,938 global

ESG-related tweets on wind power generation

covering 10 years between January 2013 and

March 2023. The identified ESG-related tweets

represent slightly above 5% of all tweets on

wind power generation. Overall, the intensity of

the wind power discourse on ESG topics varies

between 11.5% in 2023 and about 2% yearly

between 2015 and 2017.

Despite the filtering for ESG-related tweets,

another crucial pre-processing step was the

identification of users’ locations. Our primary

interest lies in analysing potentially different

sentiment levels from people living in and

referring to infrastructure assets in the United

States, Canada, the United Kingdom, Australia,

and New Zealand. Assuming that users primarily

share their opinions on events and issues related

to their area of residence, we filtered for

tweets from users who publicly share their

profile location. To avoid those cases where

users would discuss wind power generation in

another country, we compared the location infor-

mation from the profile with locations shared in

the tweet. We dismissed those tweets if users

mentioned opposing locations (e.g., a user living

in the United Kingdom referring to wind power

projects in Australia). Overall, 45% of the tweets

came from users in the United States, Canada,

United Kingdom, Australia, and New Zealand. By

9 - Tweets that start with ”RT” are retweets that users post as
original tweets, and hence, the Twitter API does not identify those
tweets as retweets when importing the data.

contrast, 27% of the tweets came from users in

other countries, and 29% had no location infor-

mation.

For the use case of this paper and to validate the

results of the sentiment analysis with previous

results from news sentiment and public survey

data on wind power generation, we focus our

sentiment analysis on tweets from Twitter users

in the two most prominent locations - the United

States (n = 57,651 - 23.8%) and the United

Kingdom (n = 31,048 - 12.8%).

Until 2015, more than 90% of the global tweets

covered the sector’s impact on the public. After,

other topics joined the agenda, but the overall

discourse remained relatively low until 2018.[10]

Figure 3 presents the development of the topics

discussed on Twitter. For better visibility and due

to its disproportionately high share, we excluded

the topic of public impact. In both countries,

the overall number of tweets jumped in 2018

and 2019, and the discourse increased again

in 2022 toward the end of the global COVID

pandemic. In the United Kingdom, transition

risks dominated the discourse between 2019 and

2021, with tweets about the sector’s negative

reputation rising in 2022. Similarly, tweets around

transition risks and negative reputation are the

most dominant topics in the United States, with

the latter being slightly more discussed.

3.3 Sentiment analysis using VADER

In order to measure the ”social acceptance”

of infrastructure industries by examining the

public sentiment around Twitter discourses on

infrastructure assets, we follow the lexicographic

approach (Shapiro et al., 2022) and use a

similar methodology as in our previous study on

news sentiment (Shen and Whittaker, 2023) to

determine the sentiment of each tweet. For this,

10 - Despite the assumption that users might have discussed ESG-
related topics less on social media, changes on the Twitter platform
could be another explanation for the increase in ESG-related tweets.
In November 2017, Twitter doubled the maximum tweet length from
140 to 280 characters, changing users’ ability to share sentiments on
complex topics.
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Figure 3: Number of tweets covering ESG-related topics within the Twitter discourse on wind power
generation in the UK and the US

(a) United Kingdom

(b) United States

we employed the VADER dictionary that Hutto

and Gilbert (2014) developed on and for short

social media text.

The VADER dictionary provides a sentiment

value (between -4 and +4) to each word in

a given text. Based on the sentiment value,

VADER computes a sentiment compound score

between -1 and +1, indicating the sentiment’s

polarity (positive or negative) and intensity. The

compound score is a normalised score of the sum

of the sentiment values for all words in a given

text (Hutto and Gilbert, 2014). Here, we calcu-

lated the compound score for each tweet in our

final dataset. A tweet is classified as positive if the

compound score is above 0.05 and negative if the

compound score is below -0.05. All other tweets

are classified as neutral.

In comparison to other lexicographic approaches,

the VADER dictionary includes not only words

but more than 7,500 lexical features that also

include Western-style emojis, sentiment-related

acronyms (e.g., LOL, WTF), and slang used on

social media (e.g., ”meh,” ”giggly”). Overall, 44.5%

of the features are classified as positive while

55.5% are classified as negative, which is a similar

proportion to other sentiment lexicons. For each

feature, the lexicon provides the polarity (+/-)

and sentiment intensity (on a scale from 0 to

4). Furthermore, the method includes additional

heuristics and grammatical rules that incorporate

word-order sensitive relationships and influence

the polarity and intensity of the sentiment (Hutto

and Gilbert, 2014). These heuristics include:

l punctuation - to increase the sentiment

intensity for text with one or more exclamation

marks

l capitalisation - to increase the sentiment

intensity for words written in capital letters

l degree modifiers - to increase or decrease the

sentiment intensity for words that follow a

modifier (e.g., very bad, extremely delicious,

hardly affordable)
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Figure 4: Distribution of ESG-related tweets on wind power generation in the UK and the US with
positive, neutral, and negative VADER sentiment scores (based on the original threshold of +/-0.05)

(a) United Kingdom

(b) United States

l negations - to change the polarity of a text

that follows a negation (e.g., ”the food is not

good”)

l the conjunction ”but” - to shift the polarity

and the focus of the sentiment toward the text

following the conjunction (e.g., ”the service is

great, but the food is bad”)

We applied the VADER dictionary to all tweets

in the dataset to compute the compound score

for each tweet. We also calculated each month’s

average sentiment compound score for each of

the five English-speaking countries to analyse

how the public’s sentiment for wind power gener-

ation develops over time in the different regions.

Figure 4 captures the distribution of positive,

negative, and neutral tweets in the United

Kingdom and the United States for each year

between 2013 and the first quarter of 2023. While

most tweets toward wind power generation in

the United Kingdom have a positive sentiment,

tweets from the United States show an apparent

increase in negative sentiment since 2019 (except

in 2021, when the overall discourse on wind

power generation decreased). The number of

tweets with negative sentiment in the first

quarter of 2023 (n = 4,019) already exceeded the

number of negative tweets in 2022 (n = 3,717).

Based on the sentiment compound scores, we

then created a sentiment index for wind power

generation that enables us to observe the change

in sentiment over time, compare sentiment devel-

opment in different countries, and validate the

results by comparing it with sentiment devel-

opment from news articles and public surveys’

results.

3.4 Sentiment index building

We followed the same approach employed in

the study on newspaper articles (Shen and

Whittaker, 2023) to construct sentiment indices

for on- and offshore wind power generation.

The Social Support Index measures the public’s

social acceptance of the wind power sector.

Additionally, the Social Risk Index measures

the level of disagreement within the public

16

Social Impact and Risk Analysis Using Twitter 16 June 20, 2023 9:39



and hence, represents risk factors for investors,

regulators, and the sector stemming from polar-

ising oppositions.

To compute the Social Support Index, we

followed Shapiro et al.’s (2022) work. However,

to constrain any sudden sharp changes in public

sentiment and to avoid misleading impressions

of a volatile sentiment index, we improved the

original approach by introducing the stochastic

movement of the public sentiment between time

steps. Further, we assumed that the tweets’

sentiment score at time T can be split into

systematic and idiosyncratic parts. The following

equation expresses our approach:

s̃(T) = fs(T) +
∑
k

βkxk(T) + ε(T) (3.1)

fs(T) = fs(T− 1) + η(T) (3.2)

where:

l s̃(T) is the averaged tweets’ sentiment score at

time T,

l fs(T) is the systematic effect at time T and has

the random movement η(T),
l βk and xk(T) are the k-th idiosyncratic effect

and averaged feature of the tweet at time T,

and

l ε(T) is the observed noise at time T.

l Both signal η(T) and noise ε(T) follow a

random walk of normal distribution N(0, ση)
and N(0, σε), respectively.

Shapiro et al. (2022) view the systematic effect

fs(T) as the direct sentiment index. The regression

takes place at each time step T. The idiosyncratic

factors xk(T) include the type of Twitter user

(news media organisation = 1; no news media

organisation = 0) and the infrastructure subtypes

(on- or offshore wind power generation = 1;

no mentioning of a specific type = 0). We use

the Kalman Filter in the State-Space model to

calibrate the equation. As a result, the smoothed

values of the systematic effect fs(T) (denoted as

f̃s(T)) build the raw index values that capture the

sentiment trend.

However, since the calibration is against the

averaged tweets’ VADER score s̃(T), the f̃s(T) have

the magnitude of VADER scores (i.e., a continuous

numeric number from -1 to +1) whosemeaning is

not direct. Therefore, to help the audience better

understand f̃s(T), we applied a scaling function

to transform f̃s(T) to a range from 0 to 100 to

represent the overall acceptance or support of

the public. Specifically, we collected a dataset of

government surveys[11] stating the overall public

satisfaction or support toward various infras-

tructure sectors. Then, we mapped the survey

results and s̃(T) at the corresponding time steps

to create a dataset for our scaling purpose. We

manually selected seven anchor points[12] from

the scaling dataset to calibrate the following

scaling function:

index(T) = A
1 + exp (k(f̃s(T) − b))

− F (3.3)

where A, k, b and F are the parameters

to be calibrated. The proposed function is

a nonlinear transformation to state that the

marginal increase of social acceptance is more

difficult when the acceptance rate is already at

a high level. index(T) is the final index value of

the public sentiment at time T.

We used Twitter data about the wind power

sector from the United Kingdom and the United

States covering a period from January 2013 to

March 2023 to construct the two sentiment

indices and describe the social acceptance of on-

and offshore wind power generation.

l The Social Support Index is computed by

index(T) directly and measures the overall

public’s social acceptance of the wind power

sector.

11 - We used surveys on infrastructure sectors conducted by
the British government because they maintain consistent method-
ologies and provide results for multiple years. The surveys cover
public opinion on sectors like wind power, solar power, airports, and
roads.
12 - We chose anchor points to calibrate the parameters in the

scaling function to bring f̃s(T) to a proper level to compare the
survey results.
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l The Social Risk Index measures the level of

disagreement within the public and represents

risk stemming from polarising oppositions.

To compute the Social Risk Index, we split

the Twitter data at the median sentiment

score at each time step into two groups to

differentiate between the upper half with

higher sentiment scores and the lower half

with lower sentiment scores. We calcu-

lated index(T) for both groups (denoted as

indexup(T) and indexlow(T)), respectively. The

difference between indexup(T) and indexlow(T)
builds the Social Risk Index and represents the

level of disagreement within the public.

Section 4 presents the results and discusses the

relationship between the Social Support and the

Social Risk Indices.
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4. Results

This section presents the Social Support and

Social Risk Indices[13] for wind power generation

in the United States and the United Kingdom.

The results compare the social acceptance devel-

opment between both countries and describe the

relationship between the support and risk indices.

An upward (or downward) support index trend

implies an increasingly positive (or negative)

sentiment toward wind power generation. An

upward (or downward) risk index trend repre-

sents an increasing (or decreasing) gap between

opposing opinions and hence, a higher (or lower)

risk for the wind power sector. Furthermore, we

compared the Social Support Index to sentiment

from news articles and public opinion surveys to

validate the applied methodology and the results.

4.1 Social Acceptance in the United

Kingdom

Figure 5 presents the time series of the Social

Support and Social Risk Indices of wind power

generation between January 2013 and March

2023. In the United Kingdom, the Social Support

Index (blue line) increases until it peaks in

early 2018, implying a positive sentiment toward

wind power generation. Smaller upward and

downward cycles followed the peak. Since April

2021, the sentiment trend has decreased again,

suggesting an increasingly negative sentiment.

Unlike the Social Support Index, the Social Risk

Index (grey line) decreased until 2018, followed

by an upward trend before it hit its lowest value

in early 2021. After, the risk trend increases again.

Thus, the support and the risk trends change in

13 - It is essential to note that the acceptance indices measure
systematic sentiment. Hence, the sentiment trend, not the actual
sentiment scores, represents the most crucial factor. The raw score of
the indices do not provide any information on the ”point estimate”
of support or risk.

line with each other: the lower the risk index, the

more positive the support index.[14]

The increasingly positive sentiment until mid-

2018 is in line with several policy changes and

initiatives that aimed to promote renewable

energy sources in the United Kingdom, which

may have contributed to the increasingly positive

sentiment trend (UK Department of Energy

& Climate Change, 2015). Incidents, such as

protests by local residents and environmental

groups against the Viking Wind Farm in Shetland

(Williams, 2020) or against two offshore projects

that require onshore infrastructure in Suffolk

(Thomas, 2022), are examples that may have

contributed to the ongoing declining sentiment

trend since mid-2021.

4.2 Social Acceptance in the United

States

Below the United Kingdom, Figure 5 presents

the time series of the Social Support and Social

Risk Indices of wind power generation in the

United States between January 2013 and March

2023. Much like in the United Kingdom, the

support index increases first, but this positive

trend only lasts until 2015. After this point, the

sentiment remained stable until 2018, followed

by a negative sentiment trend that still holds.

Concurrently, the Social Risk Index remained

stable until early 2016. Thereafter, the risk trend

increased until early 2020 and has stabilised

over the past few years. Similarly to the United

Kingdom, we can observe an opposite trend

direction in the Social Support and the Social Risk

Indices, indicating a lower sentiment trend when

the risk is going up.

14 - While we can observe a correlation between the Social
Support and the Social Risk Indices, our data does not allow for
conclusion on the causation of the trend development.
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Figure 5: The Social Support and Social Risk Indices on wind power generation in the United Kingdom
and the United States

Explaining the sentiment development in the

United States remains a challenge due to the

often polarising opinions, opposing political

camps, and diverse locations for on- and offshore

wind projects in the country. For example, the

New York State passed the Climate Leadership

and Community Protection Act in 2019, which

aims to transition the state to 70% renewable

energy by 2030 and 100% carbon-free electricity

by 2040. This includes the development of 9,000

MW of offshore wind energy by 2035 (Howe and

Greene, 2019). Concurrently, the state of Ohio

passed a law that placed new restrictions on

wind turbine development.While the law protects

properties in close proximity to wind farms, it also

ended the development of wind energy in the

state (Tomich, 2021).

These opposing developments are also reflected

in the public’s opinion: While the majority (72%)

finds that power companies should use more

energy from renewable sources, this support

diverge heavily between Democrats (90%) with

Republicans (49%; Kennedy et al., 2022). Accord-

ingly, the sentiment trend remains relatively

stable and supporting for wind power gener-

ation, while the Social Risk Index remains high

(also in comparison to the risk index in the

United Kingdom) and reflects the polarisation

in the country. It can be assumed that the risk

index indicates a challenge for the overall public

support for wind power in the United States.

Overall, wind power generation seems to be more

supported by citizens in the United Kingdom than

in the United States. In line with our under-

standing of social risks for the wind power sector,

the Social Risk Index in the United States is higher

than in the United Kingdom. The greater support

among the public might result from the greater

support for renewable energy by the British

government. In comparison, the Trump admin-

istration between 2017 and 2021 was especially

hostile to renewable energy and more supportive

of the fossil fuel industry.
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4.3 Validation through Public Opinion

Surveys

The Social Support Index represents the

sentiment of Twitter users sharing their opinions

on wind power generation on social media.

However, Twitter users do not represent all

citizens in the United States and the United

Kingdom, and not all users share their opinions

publicly (O’Connor et al., 2010). Accordingly,

additional analyses are needed to validate that

the sentiment on Twitter represents public

opinion. We applied two additional sources of

information to compare our results with those of

public surveys and sentiment in news articles.

For the United Kingdom, we employed the BEIS

Public Attitudes Tracker (UK Department for

Business, Energy & Industrial Strategy et al.,

2023), which includes the public’s perceptions on

multiple topics, including carbon emission reduc-

tions, renewable energy sources, and, specifi-

cally, the support for on- and offshore wind

power generation. Considering the questions’

granularity and the study’s frequency, the BEIS

Public Attitudes Tracker is ideal for validating

the sentiment results. For the United States, we

employed several surveys from the Pew Research

Center that measured the public acceptance of

various energy sources, including oil and gas,

coal, solar, wind, and nuclear energy (Rosenstiel,

2010; Tyson et al., 2021). These surveys focus on

comparing different energy sources and relate

public opinions to political affiliations.[15]

Figure 6 shows that the Social Support Index for

wind power generation in the United Kingdom

(blue line) is closely related to the public support

for on- and offshore wind farms (green lines).

The performance of the sentiment index closely

follows the results of the offshore wind farm

support. In contrast, the support for onshore

15 - All public surveys cited in this study were conducted
concisely. However, differences in methodologies may impact the
comparability of the results. Furthermore, the only available panel
study that measures public opinion consistently since 2012 comes
from the United Kingdom. For the United States, the surveys
represent snapshots of public opinion at specific times.

wind farms presents a similar trend but begins

at a lower level of acceptance. Considering that

onshore wind farms affect people more directly

than offshore wind farms, the lower acceptance

of onshore wind farms should not come as a

surprise. Simultaneously, the higher educated

and more liberal Twitter users (compared to the

general population) may explain the positive

sentiment toward wind power generation on

Twitter (Mellon and Prosser, 2017). Overall, we can

conclude that the Social Support Index closely

tracks public sentiment toward wind power

generation, which provides substantial evidence

and validation for the methodology presented in

this paper.

Due to the less frequent conduction and avail-

ability of public opinion surveys in the United

States, Figure 7 presents a less clear picture of

the relationship between the sentiment index and

survey results on wind farm support. However,

public opinion follows the same but time-

delayed trend as the Social Support Index.

While the sentiment shows an apparent decline

from 2018 onward, most members of the

population remain supportive until the end of

2019. This delayed trend may be due to the time-

consuming procedures of conducting represen-

tative surveys, while Twitter sentiment can be

measured without any time constraints. Accord-

ingly, we can assume that the Social Support

Index measures public opinions toward wind

power generation, presumably in a more timely

manner than public opinion surveys.

4.4 Validation through News Sentiment

While the comparison between results from

sentiment analysis and public opinion surveys is

a common approach to validate new method-

ologies measuring social acceptance (Vågerö

et al., 2023), it needs to be taken into account

that nationwide public opinion surveys represent

the broader public and hence, only one dimension

of social acceptance - the socio-political accep-

tance. Thus, other measures are needed that can
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Figure 6: Comparing the Social Support Index (blue) with public opinion survey results on wind power
generation in the United Kingdom

Figure 7: Comparing the Social Support Index with public survey results on wind power generation in
the United States

represent community and market acceptance. In

a previous study (Shen and Whittaker, 2023), we

analysed news sentiment covering all dimensions

of social acceptance as reported in national and

local news on wind power generation.

Accordingly, we validated the Twitter sentiment

results with the sentiment from news articles on

wind power generation in the United Kingdom

and the United States. The study on news

sentiment followed a similar methodology,

making the Twitter and news sentiment results

comparable. For both countries, the United

Kingdom and the United States, the Twitter and

news sentiment indices follow a similar trend.

However, in the case of the United Kingdom

(see Figure 8), the Twitter sentiment is more

positive than the news sentiment. In contrast,

in the United States (see Figure 9), the Twitter

sentiment is more negative than the news

sentiment for most periods.

Considering that the news’ primary objective

is to inform the public and to report from

a neutral perspective (Wahl-Jorgensen and

Hanitzsch, 2009), it is not surprising that the

Twitter sentiment trend is more extreme (in

either direction) than the news sentiment trend.

Interestingly, there is a difference between the

United Kingdom and the United States: the

Twitter sentiment trend in the United Kingdom

correlates well with the news sentiment but is

significantly more positive toward wind power.

By contrast, the Twitter sentiment trend in the

United States correlates less significantly with

the news sentiment and is more negative during

most periods.

Despite the public opinion surveys confirming

the results of the Twitter sentiment, studies also

suggest that Twitter sentiment in the United

States is generally more negative (Roach, na)

and more polarised (Urman, 2020) than in the

United Kingdom. Furthermore, differences in

news coverage can also explain the converse
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Figure 8: Comparing the Social Support Index with news sentiment on wind power generation in the
United Kingdom

Figure 9: Comparing the Social Support Index with news sentiment on wind power generation in the
United States

sentiment results in the United States and the

United Kingdom. While both countries have

a similar political system in which the media

functions as the fourth pillar of democracy and

gatekeeper between governments and the public,

journalists in the United States and the United

Kingdom follow different news values that can

influence what and how they report (Harcup

and O’Neill, 2017; Wahl-Jorgensen and Hanitzsch,

2009). For example, when reporting on the same

issue, journalists in the United States report

more from perspectives of patriotic values and

governmental support. In contrast, journalists in

the United Kingdom often have a more critical

perspective emphasising consequences for the

people (Wahl-Jorgensen and Hanitzsch, 2009).

Overall, the Twitter sentiment trend correlates

well with the public opinion surveys and the news

sentiment trend. Accordingly, we provide further

evidence that our methodology is reliable and

appropriate to measure social acceptance toward

wind power generation.
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5. Conclusion

This paper examines the potential for measuring

social acceptance toward infrastructure sectors

by applying sentiment analysis to social media

posts that people have shared on Twitter. Infras-

tructure projects, including those related to

energy and transport, are essential for delivering

public services but can face opposition from

the public, leading to delays or cancellations of

projects. Inefficient approaches to monitoring

public opinion toward infrastructure projects

may lead to delayed reactions, resulting in

additional costs for developers, investors, and

governments. Therefore, this study examines the

potential for measuring social acceptance toward

infrastructure sectors promptly by applying the

relatively cost-effective sentiment analysis

approach to social media posts people share on

Twitter.

By applying a sentiment index construction

methodology first introduced in economics

(Shapiro et al., 2022), we were able to measure

social acceptance and public sentiment toward

wind power generation in the United States and

the United Kingdom. The indices presented a

rising sentiment trend between 2013 and 2018

before the sentiment turned more negative in

recent years. Overall, the public in the United

Kingdom discusses wind power generation more

positively on Twitter than citizens in the United

States.

The results show a correlation between the

Social Support Index and other measures of

public acceptance, concluding that our method-

ology can be used to measure social accep-

tance effectively and efficiently. However, this

conclusion varies slightly between the United

Kingdom and the United States and the two

validation approaches. It needs to be considered

that the public opinion surveys are conducted

at discrete intervals and follow different study

designs. Hence, the survey results can only

provide a guideline to validate rather than to

generalise the findings. Furthermore, results from

the news sentiment represent social acceptance

as provided in the (presumably balanced) news

reporting that may not reflect public opinion

as polarised and extreme as it might occur

in those countries. With those caveats on the

validation, it is encouraging that the results of the

BEIS Public Attitudes Tracker, the public opinion

survey conducted over themost prolonged period

and with the most consistent questionnaire

design, correlate well with the sentiment index

constructed for the United Kingdom and hence,

validates that the index reliably measures social

acceptance.

To further validate the methodology proposed

in this paper, future studies should broaden

the analysis and include different infrastructure

sectors and other countries. Furthermore, the

Twittersphere consists of various user types and

includes not only individual users that represent

the general public but also individuals that

tweet in a specific role (politicians, journalists,

researchers) and organisational accounts repre-

senting industries, political institutions, media

outlets, and other interest groups. Accordingly,

future studies should include the source of the

sentiment to understand the interests of different

actors within the discourse. Here, despite the

user type, the precise location should also be

considered. As the examples from New York

(Howe and Greene, 2019) and Ohio (Tomich, 2021)

have shown, regulations and local circumstances

can differ in various regions and sentiment varies

within a country (Vågerö et al., 2023; Kim et al.,

2021). Additionally, scholars have found increased

accuracy in studies that combine different

sources of sentiment (Algaba et al., 2020). Accord-
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ingly, analysing so-called multimodal sentiment

by combining news and social media sentiment

could improve future results. Finally, the analysis

revealed the focus on different ESG-related topics

within the discourse on wind power generation.

Combining the attention of the discourse with

the sentiment results could explain declining

social acceptance and assist in its management.

In summary, the study emphasises the impor-

tance of understanding public sentiment to

ensure timely intervention and successful project

completion. As a result, policy-makers, infras-

tructure developers, and investors can use the

Social Support and Social Risk Indices as tools to

identify declining social acceptance early, develop

effective communication strategies and engage

with the public to manage risks, and adjust

and diversify investments across various sectors,

regions, and social risk levels.
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A. Appendix

A.1 EDHECinfra Sector Dictionary

The EDHECinfra Sector Dictionary offers speci-

fications for 52 infrastructure sector groups.

Each entry of the dictionary includes a list

of included and excluded keywords that help

specify the respective sector group and define

its boundaries.[1] To detect text about on- and

offshore wind power generation, we included and

excluded the following keywords.

Included keywords:

(windfarm OR windfarms OR windpark OR

windparks OR windstation OR windstations OR

windplant OR windplants OR windpower OR

windmill OR windmills OR ”wind farm” OR ”wind

park” OR ”wind plant” OR ”wind power” OR ”wind

mill” OR ”wind company” OR ”wind energy” OR

(wind (energy OR electricity OR power) (infra OR

infrastructure OR megawatt OR turbine OR blade

OR grid OR tower OR nacelle OR rotor OR onshore

OR ”on shore” OR offshore OR ”off shore”)))

Excluded keywords:

-”weather station” -concert -album -kimjaehwan

-”kim jaehwan” -from:blinded_username

A.2 EDHECinfra ESG Dictionary

For the EDHECinfra ESG Dictionary we followed

the same logic and operators. Each of the seven

main topics include several sub-topics that are

defined by a specific combination of keywords.

Below, we define the main topics and provide a

selection of keyword combinations for some of

the sub-topics.

1 - The keyword combination follows Twitter’s operators:
• a blank space = ”and”
• OR = ”or”
• quotes = exact phrases
• parentheses = to form groups that override the order of

operators
• -keyword / -operator: = excluding selected keywords or

other operators
• from: = operator to refer to a specific user

Impact on the public - This topic focuses on

a sector’s impact on the environment, wildlife,

human health, and communities. It also covers

sub-topics like the public’s general acceptance

for a sector, socio-economic factors, and the

public’s perception on privatisation matters. The

following keyword combinations define the sub-

topic of human health:

(public OR community OR citizens OR people OR

locals OR human OR kids OR children OR youths

OR elderly OR adults) (impact OR benefit OR risk

OR harm OR threat OR protect OR destroy OR

save OR damage) (health OR death OR sick OR

ill OR hurt OR injured OR cancer OR asthma

OR allergy OR allergies OR diseases OR ”blood

pressure” OR hormones OR mental OR stress OR

anxiety OR wellbeing OR resilience)

Working conditions - This topic focuses on

the public’s perception about the working condi-

tions in a specific sector. It covers sub-topics like

payment, working hours, safety issues, human

and labour rights, and discrimination but also

workforce availability. The following keyword

combinations define the sub-topic of discrimi-

nation at work:

(workplace OR ”work place” OR worksite OR

”work site” OR employer OR ”work environment”)

(assault OR discrimination OR discriminate OR

racism)

Regulatory risks - This topic focuses on regula-

tions especially in regard to climate change and

ESG reportings. It also covers sub-topics like

transition goals, subsidies, and corruption. The

following keyword combinations define the sub-

topic of ESG-reporting:

(esg OR sustainability OR emissions) (reporting

OR framework OR regulation)
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Negative reputation - This topic combines

selected sub-topics that focus on the four

actor groups (the public, customers, employees,

and regulators) but with an entirely negative

perspective. The following keywords provide some

examples to define a sector’s negative reputation:

nimby OR ”not in my backyard” OR corrupt

OR corruption OR ”displacement of indigenous”

OR ”child labour” OR ”forced labour” OR ”noise

pollution” OR ”light pollution” OR ”job cuts”

Transition risks - This topic focuses on a sector’s

transition risks to reduce carbon emissions. It

also covers sub-topics like carbon lock-in and

stranded assets. The following keyword combina-

tions define the sub-topic of transitioning to a

carbon-free sector:

(transition (”renewable energy” OR renewables

OR ”clean energy” OR (carbon ”lock in”)))

OR (”transition risk” (stranded OR climate OR

carbon))

Carbon offsets: This topic focuses on carbon

offsets and carbon certificates. The following

keyword combinations define this topic:

”carbon offset” OR ”carbon certificates” OR

(carbon (”emission offset” OR ”emission off set”))
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