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Abstract
Environmental sustainability awareness has encouraged the promotion of a number of 
environmental programs and initiatives and, accordingly, the use of social networks for the 
dissemination and support of these initiatives has grown significantly. Thus, the purpose 
of the work is to understand United Nations World Environment Day (WED) programs 
impact on the digital public debate using Twitter data mining. For that, an ad hoc meth‑
odology is designed to provide it to authorities and organizations that wish to analyze the 
impact of different initiatives or programs on society. All in all, the research carried out 
analyzes more than 400,000 tweets sent during the 2021 edition of the WED. The tweets 
have been processed using Big Data techniques and Social Network Analysis. The research 
reveals that the WED was a trending topic initiative that was discussed in positive terms, 
where collective sentiment was shown. The topics covered dealt with the event day and the 
different initiatives related to restoration of ecosystems. However, it is noted that: there is 
no coordinated action by the institutions, groups or individuals involved in the conversation 
and the initiative tends towards homophily; digital mobilization is mostly centered in the 
host country (Pakistan) and, above all, in the neighboring country (India) and, the con‑
spicuous absence of the business sphere in the discussion.
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1  Introduction

For decades, politicians, social movements and media have been playing an essential role 
in the process of shaping public opinion (Mazzoleni, 2010). However, it is an undisputed 
fact that the advent of the Internet and digital social platforms have reconfigured the way 
in which public opinion is created, altering the roles traditionally assigned to politicians, 
media and social movements (Lesaca, 2015). With the irruption of new communication 
channels, social media platforms have become a fundamental pillar for the dissemination 
of messages and slogans and, above all, for social mobilization and the creation of a certain 
state of opinion (Carrasco-Polaino et al., 2017). All in all, nowadays, institutions, different 
types of groups or individuals make use of digital platforms to express their opinion and 
influence on different topics of discussion.

The use and expansion of the main digital social networks such as Facebook, YouTube, 
WhatsApp, Instagram or Twitter (Statista, 2021) reinforce the idea that society is facing a 
form of socializing that has online interaction as one of its main supports. In this context, 
the microblogging social network Twitter stands out since it allows the massive exchange 
of interpersonal communication that can be captured, stored, represented and analyzed 
(Del-Fresno-García, 2014; Wu et al., 2011). Thus, Twitter has aroused great interest in the 
academic community due to, among other things, the type of conversation that takes place 
there, the impact it has had on different social movements that have emerged in recent 
years and the possibility of analyzing all of that (Alhindi et al., 2012; Edrington & Lee, 
2018; Li et al., 2021).

In this context, a topic that has generated great interest within social networks in recent 
years has been the environment (Burak, 2017; Hendriks et al., 2016). The importance of 
the environment is obvious since all organisms obtain all the elements they need to live 
from the environment: from air and water, to shelter and food that allow them to grow, 
develop and obtain energy. Maintaining the balance of the environment is fundamental to 
sustaining life on Earth, as well we know (Concepto, 2021). However, the planet is suf‑
fering from a triple crisis: climate change, loss of biodiversity and pollution (UN, 2021). 
Thus, the importance of environmental sustainability awareness has encouraged the pro‑
motion of a number of environmental programs and initiatives.

Thereby, of late the use of social networks to disseminate and support different envi‑
ronmental initiatives has grown significantly. In this regard, the purpose of the work is to 
understand World Environment Day program impact on the digital public debate using 
Twitter data mining. Thus, a methodology designed ad hoc will be provided to those 
authorities and organizations that wish to analyze the impact of different initiatives or 
events on society.

2 � World Environment Day Program

World Environment Day (WED) is a United Nations (UN) environmental initiative started 
back in 1974 and celebrated every year on June 5, with the participation of governments, 
businesses and citizens in an effort to address urgent environmental issues. The program 
aims to raise awareness and inspire actions on urgent issues: from marine pollution and 
climate change to sustainable consumption and wildlife crime. Hence, multiple activities 
take place in this multimedial event (WED, 2021). In many countries, this celebration is an 
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opportunity to sign or ratify international conventions and to establish permanent govern‑
mental structures related to environmental management and economic planning. Over all, 
WED provides a global platform to inspire positive environmental changes.

Each year, WED is celebrated in a different country, where the official celebrations are 
held. For 2021, the host country was Pakistan. In addition, every year World Environment 
Day revolves around a specific theme. In this case, WED (2021) had as its theme ‘Eco‑
system restoration’ with the slogan ‘Reimagine, Recreate, Restore’. In this regard, June 5, 
2021 also marked the launch of the UN decade of Ecosystem Restoration, a ten-year global 
push to prevent, halt and reverse ecosystem degradation (WED, 2021).

All in all, under the premise of protecting and improving the environment and taking 
care of the health of the planet, WED has grown to be a popular and global initiative.

3 � Literature Review and Related Work

In this section, we review previous works related to the use of Twitter as a tool for social 
research, in general, and for studying the environmental crisis that the planet is suffering, 
in particular.

3.1 � Twitter as a Tool for Social Research

Since its launch in 2006, the microblogging platform Twitter has attracted increasing inter‑
est from different scientific fields. The first scientific studies related to Twitter appeared 
shortly after the launch of the platform, in the period from 2007 to 2008 (Cormode et al., 
2010; Navas, 2018). These works, as expected, were descriptive and addressed basic char‑
acteristics of the tool (Java et  al., 2007; Krishnamurthy et  al., 2008). However, subse‑
quently, in 2009, scientific studies began to focus on the content of tweets, and the first lin‑
guistic and semantic analyses were developed (Cormode et al., 2010; Navas, 2018); thus, 
the first works of content classification (Dann, 2010; Naaman et al., 2010; Pear-Analytics, 
2009) and trend analysis were carried out (Cheong & Lee, 2009). Later, as of 2011, con‑
versation definitely became the central activity of the scientific studies that took Twitter as 
a research tool. Scientific research shifted from a user and the tweet based perspective to 
one based on the interactions established between users (Navas, 2018).

Today, Twitter has become one of the virtual environments most conducive to the col‑
lection of large volumes of data at very fast speeds for subsequent data analysis through 
Social Network Analysis and Machine Learning techniques (Morales-i-Gras, 2020). Thus, 
Twitter is recognized as a leading channel in a variety of areas such as politics or business 
and, therefore, has taken a leading role in the scientific field of social sciences.

Several studies have analyzed political and current affair issues through Twitter. The dif‑
ferent studies have focused on the analysis of the message senders and recipients, the politi‑
cal debate generated around Twitter, as well as the use of Twitter in electoral campaigns. In 
these works, Twitter is presented, usually, as a tool with a great functionality for both poli‑
ticians and citizens (Campos-Domínguez, 2017; Marín-Dueñas et al., 2019). Furthermore, 
Twitter has had enormous impact on various well-known political and social mobilizations 
of recent years, such as the Arab Spring, Occupy Wall Street or Me Too movements.

It also highlights the role of Twitter in business studies in terms of engagement or man‑
agement strategy. Due to the emergence of social networks, organizations, both public and 
private, are no longer the only source of information about entities, brands or products. 
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Thus, the communication process has ceased to be unidirectional to start the search for a 
continuous dialogue (Fernández-Gómez & Martín-Quevedo, 2018; Medina et al., 2018).

Likewise, the use of Twitter as a tool to predict social phenomena is recurrent in recent 
scientific researches. Though different machine learning techniques, successful works 
can be found in multiple contexts using Twitter for predictive tasks, such as: electoral or 
engagement predictions, stock market predictions or pandemic detection, among others 
(Coletto et al., 2015).

All in all, thanks to the data obtained from Twitter and the subsequent analysis of the 
information, it is possible to describe, explain, interpret and comprehend how and why 
social networks are used and which social effects they generate (Casero-Ripollés, 2018).

3.2 � Environmental Crisis and Twitter Data Mining

There are many ways to analyze public opinion and the dynamics generated on environ‑
mental issues. However, the impact that social networks have on public perception and 
reaction of topics related to the environment is an established fact. Specifically, different 
studies have addressed issues of climate change, pollution and biodiversity loss through 
Twitter data mining.

Climate change is the greatest environmental threat facing humanity and the con‑
sequences could be devastating if dependence on fossil fuels is not drastically reduced 
(Greenpeace, 2021). In this context, numerous conversations on this topic are taking place 
on Twitter and being analyzed by the scientific community. Recent studies show who is 
behind the different discussions (politicians, activists, business, NGOs, celebrities, etc.) 
and what the content of the tweets is. Likewise, events related to climate change have 
been analyzed to understand how the public focuses attention on aspects of climate change 
(Fownes et al., 2018).

The topic of pollution is another recurring issue in Twitter conversations and it is 
reflected in the different scientific studies carried out on the subject. The research studies 
gather information on pollution and analyze the impact that different types of pollution, 
such as air, noise or plastic pollution has on citizens (Juanals & Minel, 2018; Otero et al., 
2021; Peplow et al., 2021).

In the case of biodiversity conversations on Twitter, this is a less popular topic within 
the scientific community. However, there are works seeking to obtain information on spe‑
cies through Twitter (Daume, 2016) as well as considering how narrowly focused advo‑
cacy on platforms like Twitter will contribute to effective global biodiversity conservation 
(Barrios-O’Neill, 2020).

In addition, previous works have analyzed the discussions generated on Twitter in dif‑
ferent environmental campaigns or programs such as ‘Plastic Free July’ or previous WED 
years (specifically, 2015 and 2018) (Heidbreder et  al., 2021; Pang & Law, 2017; Reyes-
Menendez et al., 2018). These studies analyze the topics of conversation, the sentiment of 
the discussion and the visual rhetoric used, however, none of them makes an exhaustive 
analysis of the impact of environmental movements on virtual public debate.

Therefore, although there are many studies that analyze different critical environmental 
issues, none of them goes deeper into the analysis of the impact that a targeted or planned 
conversation, i.e., one that does not arise spontaneously (as is the case of an initiative such 
as WED) has on society in order to assess whether the objectives have been achieved, both 
in terms of content and the public that has participated in the discussion.
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4 � Research Questions and Methodology

This study is framed within the framework of Social Network Analysis, an analytical trend 
focused on identifying interaction patterns between actors, based on the use of Big Data.

Specifically, this research focuses on the interactions between Twitter users in relation 
to WED (2021). As previously mentioned, Twitter was chosen as data source because of 
the potential demonstrated by this social network for variety of domains and scientific 
fields including recent studies about environmental issues, in general, and about WED, in 
particular.

In summary, this research work proposes a unique methodological design, developed 
ad hoc to respond to different research questions based on the data collected from Twitter.

4.1 � Research Questions

The purpose of the study is to understand World Environment Day program impact on the 
digital public debate using Twitter data mining, and the approach to the main objective has 
been carried out based on different research questions about WED (2021), namely:

•	 RQ1: What are the main characteristics of the overall digital conversation?
•	 RQ2: What does the overall conversation revolve around?
•	 RQ3: (a) Which are the main communities generated in the conversation? (b) What is 

the presence of governments, business and citizens? (c) What is the presence of the 
most polluting countries? (d) What is the behavior of the interactions in each commu‑
nity (e) What does the conversation revolve around in each community?

•	 RQ4: Who are the most influential players in the overall conversation?

4.2 � Data Extraction and Analysis Method

The workflow followed for data extraction and data analysis is summarized in Fig. 1.

•	 Data extraction and preparation

The first step in order to undertake the study was the extraction and preparation of the 
necessary data. In this regard, the social media used for data extraction was Twitter.

The sampling procedure adopted the criteria of data collection based on the content of 
the tweets: #WorldEnvironmentDay, the language used in the tweets: English, and the day 
of publication of the tweets: June 5, 2021.

For the collection of the tweets, the software used was T-Hoarder, an open source sys‑
tem that, based on Python language, is able to establish a connection with the Twitter API 
and retroactively download data and process it (Congosto et al., 2017; GitHub, 2021).

Subsequently, it was necessary to prepare data for further data analysis. The open source 
software used to clean, refine and extract the data was OpenRefine (OpenRefine, 2021) and 
Orange Data Mining (Ljubljana-University, 2021).

•	 Data analysis
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The exploratory and descriptive study was carried out in two stages. In the first stage, 
the overall digital conversation was analyzed (to answer RQ1, RQ2 and RQ3) and in the 
second stage, key players of the conversation were identified (to answer RQ4).

RQ1: What are the main characteristics of the overall digital conversation?

In order to answer this first question, first of all, the global network that contains 
the overall digital conversation about WED (2021) has been obtained. For that, once 
the tweets were obtained, a process of extracting mentions was carried out through the 
software OpenRefine to synthesize a network based on which users mention which users 
in the conversation itself. Thus, a graph will be obtained where each node represents a 
participant in the conversation (a Twitter user), and where each arc represents a Twitter 
mention type interaction (from one Twitter user to another Twitter user): a retweet, a 
direct response or an interpellation within a regular tweet.

In relation to the network obtained, information about the general morphology of 
the digital conversation was obtained to analyze its main characteristics. To this pur‑
pose different metrics (see Table 1) were calculated with the open source software Pajek 
(Mrvar & Batagelj, 2021) and Orange Data Mining.

RQ2: What does the overall conversation revolve around?

The topic of the digital conversation was analyzed through semantic analysis, both 
through the most relevant words used in the conversations established between users of 
the social network, and through the hashtags or keywords used by the users to tag their 
messages. Thus, different thematic blocks of the digital conversation have been identi‑
fied through the words used in the tweets and the framework of those blocks through the 
hashtags.

DATA EXTRACTION /
PREPARATION

SOCIAL MEDIA: Twitter

QUERY:
#WorldEnvironmentalDay,

English, June 5 (2021)

COLLECT DATA (T-Hoarder)

DATA PREPARATION 
(OpenRefine, Orage Data Mining)

DATA ANALYSIS

Overall digital conversation

Key players

- Global metrics analysis (Pajek, Orange Data Mining)
Network used: Global Network of the digital conversation (Fig. 3)
- Semantic analysis: Relevant words, hastaghs (Pajek, Gephi)
Networks used: Network of co-occurrence of the most relevant words (Fig. 5) and  the 
most relevant hashtags (Fig. 6)
- Main communities analysis: Leaders, global metrics, topics discussed (Pajek, Gephi,
PowerQuery)
Network used: Global network after filtering nine most important communities (Fig. 7,
second network)

- Node-level metrics analysis (Pajek)
Network used: Global network with nine most important communities detected (Fig. 7,
first network)

RQ1

RQ2

RQ3

RQ4

Research question
answered

Fig. 1   Workflow of the scientific research
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Table 1   Global metrics for overall digital conversation analysis (Hutto, 2022; Hutto & Gilbert, 2014; Orbe‑
gozo-Terradillos et al., 2020; Wasserman & Faust, 1994)

Metric Meaning in the digital conversation

Total impacts Number of publications captured, whether tweets or retweets
Nodes (users) Number of unique users who have participated in the conver‑

sation (excluding those who have not mentioned or have 
been mentioned by any other user)

Arcs (interactions) Number of unique interactions established between users. 
Each arc has a weight associated with the number of men‑
tions it represents

Average impacts (per user) Number of publications that each user has published on 
average

Density Number of connections exist between network users divided 
by the total possible connections between network users

Average degree Number of users (nodes) that each node (user) is associated 
with on average

Maximum distance Number of arcs between nodes separating the two farthest 
reachable nodes in the network

Average distance Number of average arcs between nodes separating reachable 
nodes in the network

Input Degree Centralization Number between 0 and 1, where 0 indicates total decentrali‑
zation (all nodes receive mentions from the same number 
of unique users) and 1 indicates total centralization (a 
single node receives mentions from all other unique users)

Output Degree Centralization Number between 0 and 1, where 0 indicates total decentrali‑
zation (all nodes send mentions to the same number of 
unique users) and 1 indicates total centralization (a single 
node sends mentions to all other unique users)

Betweenness Centralization Number between 0 and 1 where 0 indicates total decentrali‑
zation (all nodes have the same intermediation index, all 
nodes are equal in intermediation) and 1 indicates total 
centralization (a star network)

Sentiment score (VADER model) VADER (Valence Aware Dictionary and sEntiment 
Reasoner) is a lexicon and rule-based sentiment analysis 
tool that performs exceptionally well in the social media 
domain. The compound output variable (sentiment score) 
is computed by summing the valence scores of each 
word in the lexicon, adjusted according to the rules, and 
then normalized to be between − 1 (the most negative 
sentiment, strongly negative) and + 1 (the most positive 
sentiment, strongly positive). This metric is the most 
appropriate if a single unidimensional measure of senti‑
ment is desired for a given sentence

Modularity (Louvain Multi-Level algorithm) Metric associated with the quality of the partitioning of the 
network into different clusters or communities produced 
by the Louvain algorithm with Multi-Level Refinement 
(values equal to or greater than 0.3 indicate mathematical 
significance)

Number of Clusters Total number of clusters or communities identified by the 
Louvain Multi-Level Algorithm
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Hence, two networks were generated: the first one with the tweets and the most high‑
lighted words (the 150 most relevant that appear in the tweets, obtained through TF-
IDF, Term Frequency-Inverse Document Frequency correction procedure), and the sec‑
ond one with the tweets and the most highlighted hashtags (the 150 that most frequently 
appear in the tweets). Afterwards, once the weakest relations have been removed, one 
graph of most relevant words and other graph of most relevant hashtags in the digital 
conversation based on how many tweets co-occur were generated (see Fig. 2).

The software Pajek was used to transform the two-mode network (when in the same 
network the nodes represent different ontological entities) into a single-mode network 
(when in the same network the nodes represent the same ontological entity) (see Fig. 2) 
and the software Ghepi was used for the visualization and study of the relationships 
between words and hashtags (Bastian et al., 2009).

RQ3: (a) Which are the main communities generated in the conversation? (b) What is 
the presence of governments, business and citizens? (c) What is the presence of the 
most polluting countries? (d) What is the behavior of the interactions in each commu‑
nity (e) What does the conversation revolve around in each community?

To finish the overall digital conversation analysis, the main communities generated 
around WED (2021) were identified and analyzed.

Once the main communities have been identified (to answer question a), to analyze 
each community, concretely, each main leaders (to answer questions b and c), different 
global metrics (to answer question d) and discussed topics (to answer question e) have 
been studied.

The software used to identify communities was Pajek, concretely, by applying the 
Louvain Multi-Level algorithm (with 10 restarts) (Blondel et al., 2008). After that, the 
synthesized network and the detected communities were processed through Gephi for 
their visualization and analysis. The tool used to analyze what type of contents have 
been important in each community has been PowerQuery-Excel (Microsoft, 2021).

RQ4: Who are the most influential players in the overall conversation?

Finally, in the second stage, key players of the overall digital conversation were ana‑
lyzed through Pajek and Node-level metrics (see Table 2).

tweet1

tweet2

tweet3

tweet4

#hashtag1

#hashtag2

#hashtag3

#hashtag2

#hashtag3#hashtag1

11

tweet1

tweet2

tweet3

tweet4

word1

word2

word3

word2

word3word1

11

Two mode network One mode network Two mode network One mode network

Fig. 2   Edges and nodes for most highlighted words and hashtags networks
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5 � Results and Discussion

Throughout June 5, 2021, on World Environment Day, a total of 415,121 tweets in Eng‑
lish were sent out with the hashtag #WorldEnvironmentDay.

Moreover, considering that Twitter identifies trends in public opinion based on 
parameters such as the level of interaction with certain hashtags, it is worth noting that 
the hashtag #WorldEnvironmentDay was the most used hashtag worldwide for 7 consec‑
utive hours and remained in the Top-10 hashtags for 10 consecutive hours. Furthermore, 
in the case of India, the Twitter users placed #WorldEnvironmentDay at the top of the 
ranking for 12 consecutive hours.

5.1 � Overall Digital Conversation

The following three sections analyze the overall conversation around WED (2021).

Table 2   Node-level metrics to identify the key players in the network (Apodaka & Morales-i-Gras, 2016; 
Orbegozo-Terradillos et al., 2020; Wasserman & Faust, 1994)

Metric Meaning in the digital conversation

Input Degree Centrality Number of mentions received by a user on the network (direct mentions, replies 
or retweets)

Output Degree Centrality Number of mentions sent by a user on the network (direct mentions, replies or 
retweets)

Betweenness Centrality Measure of how often a node will fall in the middle of the shortest path between 
two nodes

Fig. 3   Network about #WordEn‑
vironmentDay digital conversa‑
tion
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5.1.1 � Global Metrics Analysis [RQ1]

As an initial approach to the digital conversation, Fig. 3 shows the global network that con‑
tains the overall digital conversation and Table 3 shows the values of global metrics of the 
overall digital conversation.

The captured conversation has been transformed to a network graph containing a total of 
187,322 actors and 470,594 weighted connections (see Fig. 3). Thus, the general approach 
to the network makes it possible to observe that each actor in the network is connected on 
average to 5.02 other actors, which gives a scenario of few connections. In addition, the 
density of the network shows that only 0.001341% of the possible links between users have 
occurred. It cannot be said that the members form a well-connected network; hence, it is 
suggested that there are still many unanswered key questions for WED (2021).

Regarding centralization metrics, the low values of input degree centralization 
(6.17312%) and the output degree centralization (0.440149%) show that the network is 
decentralized in both input and output degree. Hence, neither the reception nor the emis‑
sion of mentions is dominated by a small group of actors; however, it is a network in which 
mentioning and being mentioned are clearly different phenomena (CD

in = 0.06173120 vs 
CD

out = 0.00440149). Betweenness centralization is also low (0.695135%), therefore, the 
intermediation of the network is not in the hands of a small group of actors, it is distributed 
in a horizontal way.

The overall sentiment found in the digital discussion is positive (0.366685821). It seems 
that users opt for a positive tone to celebrate a day that calls for action to prevent, halt and 
reverse the degradation of the planet. Figure 4 shows that 67.9% of the tweets have been 
positive, and specifically, 45.43% of the tweets have been categorized as very positive.

Finally, after applying the Louvain Multilevel community detection algorithm, a total 
of 6,089 different communities have been identified with a modularity of 0.86 (high math‑
ematical significance). This is a relatively large number of communities, many of them 
composed of short interactions, which is usual in analytical strategies of massive data, with 
a very good value for modularity. Among the more than 6,089 communities identified, the 
threshold has been set for those that contain at least 4% of the nodes, a total of 9. A more 
in-depth analysis of the main communities detected will be made in Sect. 5.1.3.

Table 3   Global metrics 
extracted from the overall digital 
conversation

Total impacts 415,121

Users (nodes) 187,322
Arcs (interactions) 470,594
Average impacts (per user) 2.22
Density 0.00001341
Average degree 5.02443920
Maximum distance 24
Average distance 9.24281
Input Degree Centralization 0.06173120
Output Degree Centralization 0.00440149
Betweenness Centralization 0.00695135
Sentiment score (VADER model) 0.366685821
Modularity (Louvain Multi-Level algorithm) 0.858381
Number of Clusters 6.089 (9 > 4%)
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5.1.2 � Semantic Analysis [RQ2]

Semantic analysis shows the topic hotspots of the overall digital discussion. The most rel‑
evant words network (see Fig. 5) and most relevant hashtags network (see Fig. 6) analysis 
makes it possible to identify key topic points around WED (2021).

On the one hand, with regard to most relevant words network, from the 150 main ini‑
tial words, once stopwords, mentions, hashtags and emoji have been removed, the weakest 
links have been deleted. The minimum weight taken into account for the edges has been 
900, i.e., 17.72% of edges were considered. Moreover, only communities grouping 2% or 
more of the nodes in the network have been taken into account, i.e., 97.33% of nodes were 
considered. Finally, in order to consider the favorable positions of the words, the nodes 
have been weighted according to the intermediation or betweenness centrality (Hanneman, 
2001).

Fig. 4   Sentiment score of the overall digital conversation

Fig. 5   Network of co-occurrence of the most relevant words
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Thus, the clustering of the most relevant words defines five clusters or communi‑
ties. These communities represent topics of conversation, i.e., the main discussions held 
about WED (2021). So, through direct observation of the network, and by searching for 
these words in most relevant tweets (the most retweeted), the following five communi‑
ties are found:

The first community (in pink), is formed around the term ‘environment’ and it is 
related to the event day (‘environment’, ‘world’, ‘day’, ‘today’, ‘5’, ‘june’, ‘2021’). In 
addition, positive communication in the conversation (‘happy’, ‘love’, ‘protect’, ‘pro‑
tection’, ‘protecting’, ‘save’) and the sense of collectivity of the subject (‘together’, 
‘people’, ‘everyone’) are observed. The second one (in light green), is slightly formed 
around the terms ‘us’ and ‘nature’ and mentions the central theme of WED (2021): Eco‑
system Restoration (‘ecosystems’, ‘recreate’, ‘restore’). In this case, the positivity and 
collectivity of the message (‘better’, ‘us’) are also observed. The third one (in blue) is 
not formed around any influential word and the topics of conversation revolve around 
the host country and its prime minister (‘pakistan’, ‘host’, ‘country’, ‘khan’, ‘imran’, 
‘minister’, ‘pm’, ‘leadership’). The fourth one (in orange) is formed around the term 
‘trees’ and it is related to the nature restoration initiatives, in general (‘reduce’, ‘use’, 
‘water’, ‘plastic’), and concretely to the initiative ‘Ten Billion Tree Tsunami’, which 
aims to achieve such reforestation by 2023 (‘tree’, ‘initiative’, ‘plantation’, ‘planted’, 
‘planting’, ‘billion’). Finally, the fifth and smallest one (in dark green) is related to the 
protest action staged by Myitkyina’s main strike group to mark WED (2021), as forests 
in Myanmar are being devastated by military.

After removing the hashtag ‘#WorldEnvironmentDay’ as it is used in the query, the 
procedure followed with hashtags for semantic analysis has been similar to the one used 
with the words. The minimum weight taken into account for the edges has been 100, i.e., 
19.69% of edges were considered; and only communities grouping more than 2% of the 

Fig. 6   Network of co-occurrence of the most relevant hashtags
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nodes in the network have been taken into account, i.e., 68.92% of nodes were considered. 
The nodes have been weighted according to the intermediation or betweenness centrality.

In this case, the clustering of most important hashtags, i.e., most relevant grouping 
channels for discussion on specific topics, provides six clusters or communities of top‑
ics of conversation. However, of the six communities obtained, two stand out. The first 
one (in light green), is formed around the hashtag ‘#WorldEnvironmentDay2021’ and 
the second one (in pink) is formed around the official hashtag for the main theme of the 
event ‘#GenerationRestoration’. Most of the hashtags included in the first group refer to 
the event itself through different names of the event, date of celebration and essence of 
the event (‘#environmentday’, ‘#environmentday2021’, ‘#5thjune’, ‘#june5’, ‘#gogreen’, 
‘#climatechange’), but there are also specific proposals carried out in relation to WED 
(2021) (‘#savetrees’, ‘#plantatree’, ‘#savewater’). In the second case, hashtags refer to 
ecosystem restoration (‘#ecosystemrestoration’, ‘#reimagine’, ‘#recreate’, ‘#restore’) but 
also to the host country (‘#pakistan’, ‘#wedpakistan2021’, ‘#pakhostingenvironmentday’, 
‘#environmentchampionpmik’).

In the case of the smaller groups, the orange cluster refers to the coup d’état that took 
place in Myanmar on February 1 2021; the light blue cluster refers to India’s seventh art 
and its celebrities; the dark blue refers to the music video launch by Hyundai Motor’s, fea‑
turing pop icon BTS, to celebrate WED; and finally, the dark green cluster refers to Banega 
Swasth India Campaign for better hygiene and sanitation practices in India.

5.1.3 � Main community Analysis (RQ3)

Figure 7 shows the network of the main 9 communities generated around #WordEnviron‑
mentDay digital conversation.

In order to identify who the main communities are, their respective leaderships (top 5 
of each community) were analyzed according to the input degree (see Table 4). From the 
data obtained, two main types of clusters can be observed: clusters belonging to the politi‑
cal sphere (cluster 4, 12, 14, 7, 15 and 8) and clusters belonging to the cultural and enter‑
tainment sphere (cluster 13 and 17) (cluster 22 is classified as miscellaneous). Thus, the 
absence of clusters formed around business leaders is notable. Although isolated actions by 
governments and civil society will not be enough to address the most pressing environmen‑
tal challenges (UNEP, 2021), the private sector is hardly present in this discussion.

In addition, there is a strong Indian presence in the conversation. With the exception of 
the three clusters (which are positioned in the first half of the network: cluster 4, 7 and 8) 
the rest (which are positioned in the second half of the network: cluster 13, 12, 14, 15, 17 
and 22) are mainly led by Indian accounts.

With China, the United States and India (DataBank, 2021) being the three countries that 
pollute the most through their carbon dioxide (CO2) emissions, the weak presence of the 
U.S. in the conversation is surprising (not so in the case of China, where Twitter has been 
blocked since 2009 (The Guardian, 2009)); despite the United States being the second most 
polluting (and industrialized) country, it appears only sparsely in cluster 8.

Thus, digital mobilization is mostly focused (without taking into account the main 
community, cluster 4) on the host country and, above all, the neighboring country: 
India. The same can be seen in the coverage of the event by newspapers (news in Eng‑
lish) on the day of the event and on the following day (June 5, 2021 and June 6, 2021): 
In first position, 108 news articles were published in Pakistan; in second position, India 
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with 98; the US ranks sixth with only 18 news articles; and China is in twelfth place 
with only 7 publications (ProQuest, 2021).

Table 5 shows global metrics for the main communities. This information shows that, as 
expected, the densities of the main communities are higher than the density of the overall 
network, nevertheless, they are still low i.e., connectivity in the communities is low.

In the case of input degree centralization, clusters 12, 15 and 17 stand out for being 
highly centralized clusters (communities with a centralization rate of higher than 50%). 
These clusters respond to a retweeting behavior of one or a few actors, i.e., many users 
mention a few users. Belonging to a community of ‘high’ or ‘low’ centralization has to 
be understood as a behavioral trait of an actor on Twitter. The actors of highly central‑
ized communities participate in the conversation by exploiting more ‘follower’ or even 
‘warlordist’ resources, often limiting themselves to disseminating major opinion leaders 
and reproducing their opinions. Moreover, there is evidence to affirm that the type of 
message (more or less emotional or more or less visceral) is also related to this phe‑
nomenon (Larrondo et al., 2019). In this sense, it is observed that two highly centralized 
communities (cluster 12 and 15) show the least positive sentiment.

Regarding output centralization, no strange behavior is detected in any community. It 
does not seem that there is any suspicious account from which a large number of mes‑
sages have been sent. Likewise, concerning the betweenness centralization, the interme‑
diation in the main communities is not monopolized by a few users.

Finally, the type of content that has been important in each of the communities is 
analyzed (see Table  6) by close reading of the most retweeted tweets of each main 

Fig. 7   Network about #WordEnvironmentDay digital conversation with the nine most important communi‑
ties and after filtering them (The community numbers have been randomly assigned by the algorithm and 
should not be interpreted ordinarily. The value in parentheses represents the percentage of nodes in each 
community)
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Table 4   Main community leaders

Table 5   Main communities’ global metrics
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Table 6   Topics discussed in the main communities
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community. Thus, it can be seen that these content are in line with the need of joint 
actions for environment and ecosystem restoration and the criticism and reference to 
political and civil society responsibility in the degradation of the environment. Once 
again, the absence of business or private sector responsibility in the digital conversation 
is conspicuous.

5.1.4 � Key Players [RQ4]

Table 7 shows information about node-level metrics, and, therefore, about key players in 
the digital discussion.

In a Twitter network, as a general rule, on the one hand, a high input degree is inter‑
preted as leadership or prescriptive capacity, i.e., as a capacity to influence in the net‑
work; and on the other hand, a high output degree is interpreted as high participation 
or activity in the same network. Thus, as expected, the main leader of the conversation 
was the organizer of the initiative: United Nations Environment Programme (@unep). 
Likewise, the main leaders of the conversation belong to the major communities and are 
well-known personalities or entities. Therefore, it can be seen that the messenger has 
eclipsed the message and, as expected, it was a planned conversation and not a spon‑
taneous one. Conversely, regarding the output degree, the most active users in the net‑
work, those that have issued the most mentions, have been non-public persona or people 
that are more anonymous.

Another interesting indicator in communicative networks such as Twitter is the 
betweenness centrality. The weighted input and output degrees of a node do not pro‑
vide the necessary information to interpret its centrality and the geodesic position of a 
node can affect its structural situation in terms of influence or power (Hanneman, 2001). 
Hence, assuming that the highly central nodes are located in favorable structural posi‑
tions within the network, it can be seen that accounts belonging to cluster 4 (cluster 
related to the United Nations) control the network communication flows.

Table 7   Node-level metrics extracted from the overall digital conversation
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6 � Conclusions and Futures Lines of Work

Twitter is a social network where opinion trends are generated. Likewise, Twitter could 
play a fundamental role for different institutions or agents to obtain information in order to 
understand how to exert influence in digital public debate and, therefore, in society; what 
the image they transmit to public opinion is; or how a political initiative, a marketing cam‑
paign or, as in this specific case, an environmental program, is being received by the wider 
public.

WED (2021), subject of study of this research, deals with one of the biggest problems 
facing humanity today and in the future: protecting the environment. Therefore, analysis 
of the digital conversation held in relation to the celebration of WED (2021) provides sub‑
stantial information on various issues such as the success of this public initiative, the terms 
under which the initiative is debated, the relationships established between the different 
actors taking part in the debate, etc.

Specifically, in this scientific work, through a methodology designed ad hoc, different 
research questions were answered in order to analyze the impact of WED (2021) program 
on society.

The success of the initiative was relatively demonstrated by the fact that the hashtag 
#WorldEnvironmentDay was a trending topic worldwide. However, this study offers other 
valuable and transcendent information from a social perspective, that goes beyond the mere 
count of tweets published worldwide about this event.

There are certain factors that indicate that the network campaign for the WED (2021), 
strategically designed and planned by the organizing institution (the United Nations), 
obtained excellent results. It can be concluded that the strengths of the event at the digital 
level were the following: the digital conversation was plural in terms of leadership and con‑
tent; there were no groups that functioned as "trolls", feeding eventual destructive criticism 
towards the organizing institution or the objectives pursued by the event; participation was 
in positive and constructive terms; the institution controlled or directed, through the official 
hashtags, the frames of the digital debate and placed itself at the center, dynamizing the 
discussion and functioning as a link between different communities.

These types of institutions, as in the case under investigation, have to deal with simi‑
lar events or initiatives every year (or every so often). This means that these institutions 
have to design strategic actions and communication strategies cyclically according to the 
established objectives. In this sense, this scientific research may help organizations to make 
strategic decisions, identifying the weaknesses and opportunities of the event at the digital 
level, which are explained as follows:

In the case analyzed, the data reveal a relative absence of global connections or coor‑
dinated actions at the digital level to address one of the biggest challenges facing society, 
i.e., protecting the environment. The communities are divided by country (mostly centered 
in the host country, Pakistan, and especially in the neighboring country, India), by political 
ideology and by type of actors. This means that the impact of the event is neither global 
nor homogeneous and that the "micro-debates" that occur in the conversation are "intra-
community" and isolated. Therefore, this feeds the current theory on the influence of digi‑
tal activity on public opinion in social networks, which speaks about the tendency towards 
homophily and the confirmation of one’s own biases around public controversies.

Moreover, considering that we live in a globalized, polycentric and highly intercon‑
nected world. It is paradoxical that this type of events that address a global problem become 
phenomena that could be classified as ‘concentric digital influence’ (greater influence in 
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areas closer to the physical center). In this sense, the organizer of the event faces two chal‑
lenges for the future: first, the decision of the host country should be taken with a highly 
strategic perspective; second, actions must be taken to ensure the influence of the event in 
the digital terrain overcomes this limitation of space-nation in the geographical domain.

In addition, it is noted that politics, culture and entertainment are the collectives that 
have presence in the conversation. However, there is a clear absence of the business sphere. 
That absence is twofold: on the one hand, they do not appear to be criticized or to be 
praised; and on the other hand, they do not appear as a dynamic agent of the conversation. 
There is practically no joint or individual strategic action on the part of the companies that 
also influence the real basis of the debate around World Environment Day. It is also worth 
noting that the second most polluting country on the planet, the United States, is also not 
very active in the conversation.

All in all, much of the research on the phenomenon of social networks defends the the‑
sis that they fuel controversy and polarize society. However, the case studied in this study 
is a good example of non-polarized digital conversation and for the most part developed in 
positive terms. Consequently the actors of public communication find a forum or meeting 
space where they can express their wishes, proposals or even criticisms in a constructive 
sense.

Likewise, this study addresses a phenomenon related to mass communication. Twitter 
is indeed considered a communication and interconnection medium for the masses and a 
platform that mediates between the different actors that conform public opinion. In this 
sense, it is worth asking how, on the one hand, social networks have influenced the process 
of setting the public and media agenda and, on the other, the construction of public opinion 
itself. In the old paradigm, the traditional media had a monopoly on agenda setting and 
influenced the framework in which society should understand and interpret public contro‑
versies. Today, the traditional media have lost that exclusivity. In fact, the case analyzed 
in these pages is paradigmatic of this issue, since it shows that a public or private organi‑
zation can set the digital agenda, without intermediaries, through a strategically planned 
campaign. However, in addition, and as a major difference between traditional and current 
communication platforms, an institution can even directly influence the setting of the sub‑
topics that are addressed in a given conversation, the terms or frameworks in which it takes 
place, the agents or subjects that participate in it, etc.

Finally, despite the limitations shown by Twitter due to the bias of the data collected, 
bias of representation when making general assumptions and other problems, derived, for 
example, from the language used by the users (Ruiz-Soler, 2017), this study reinforces a 
valid methodology for any institution or agent wishing to analyze its impact on society 
through social networks.
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