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Abstract

Climate change is reflected in extreme and un-001
certain weather events, the melting of glaciers,002
the spreading of diseases, and crop failure003
leading to threats to food security. Climate004
change poses serious challenges for humanity005
itself. Citizens, Corporations, Governments,006
Local bodies and Policymakers need to come007
up with innovative solutions to address the008
climate change problems from several dimen-009
sions, one of the dimensions is to make people010
aware amount climate change and its impact.011
But without citizen’s behavioural changes, cli-012
mate change actions are not possible. There is a013
need for innovative quantification and objective014
methods to assess, monitor and evaluate the cit-015
izens’ engagement, discussion and direction of016
information flow regarding Climate actions so017
that the government’s and policymakers’ efforts018
can have course corrections if needed. This re-019
search work proposes an innovative approach020
and methodology to assess climate action dis-021
courses through social media public discussion,022
and engagement using the integration of ad-023
vanced NLP, sentiment analysis, and machine024
learning models in spatial and temporal do-025
mains. The experiment is designed to evaluate026
the climate action feedback of Indian citizens027
over social media space from 2015 to 2020.028
The study unravels noteworthy insights with029
year 2020 stands out with the highest engage-030
ment score of 1.6672, suggesting a significant031
increase in overall engagement. In 2021, the032
engagement score remains high at 1.6666, al-033
most similar to the previous year. However, the034
Momentum Score of 0.7107 suggests a substan-035
tial positive momentum, signifying a notable036
recovery or increase in engagement compared037
to the previous year. The proposed research038
provides insights, directions and new ways to039
explore climate action research for policymak-040
ers and government officials for future courses041
of action.042

1 Introduction 043

Climate change, a threat to the existence of hu- 044

manity, is primarily attributed to global warm- 045

ing and the burning of fossil fuels(Wuebbles and 046

Jain, 2001). Climate change impact is felt glob- 047

ally in increasing frequency and intensity of ex- 048

treme weather events, increasing risks of new 049

virus outbreaks and pandemics, rising sea lev- 050

els etc(McMichael and Lindgren, 2011) resulting 051

in threats to food security, livelihood and socio- 052

economic systems across the globe specifically in 053

coastal communities(Hernández-Delgado, 2015). 054

To address these challenges and control climate 055

change impact and consequences, The global gover- 056

nance forums and community have asked countries 057

to achieve nationally determined commitments 058

(NDC). NDCs are reported by countries interna- 059

tionally to show their progress and commitment to 060

addressing climate change(Hsu et al., 2021). Pri- 061

marily, climate change efforts are aligned with a 062

major target of bringing global temperatures be- 063

low 1.5 degrees from the pre-industrialised period 064

as per IPCC recommendations(Smith et al., 2009). 065

This requires to adoption of policies, programmes 066

and future direction of growth and awareness to 067

achieve NetZero. Each country is designing its 068

own industrial and growth policy, especially cli- 069

mate change and action awareness programs for 070

the citizens, companies and institutions to achieve 071

NetZeor. 072

Without citizens’ involvement and their contri- 073

bution in terms of changes in mindset lifestyle 074

and discourses around them, the success of cli- 075

mate actions is not possible. Governments and 076

other stakeholders are attempting to change the 077

behaviour of citizens’ products and services, con- 078

sumption patterns and lifestyles to promote sustain- 079

ability to achieve climate change goals(Berquier 080

and Gibassier, 2019). Awareness and behavioural 081

changes depend on the constant information flow 082
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and feedback and accountability of climate actions083

among citizens and between stakeholders(Newell084

et al., 2022). Such a scenario requires develop-085

ing innovative methodologies to assess climate ac-086

tion progress objectively in a quantitative manner087

and their impact on citizens’ space. This requires088

assessment and gauging of citizens’ engagement089

about climate actions and government efforts to090

align the climate efforts and course corrections and091

set the accountability. Present-day digital tech-092

nologies and social media have penetrated our093

daily lives and are reflections of our thinking as094

we express our views, opinions, and suggestions095

and share them with the masses instantly(Pirhonen096

et al., 2020). So Social media data is a rich resource097

to gauge public opinion about any issue nowadays098

and has been used in many sectors such as elections,099

marketing, business promotions, etc(Duan et al.,100

2023). However, there is a lack of research work to101

gauge public opinions and their understanding and102

behaviour change patterns about climate actions.103

The significance of Twitter as a real-time informa-104

tion hub is underscored by its role in disseminating105

opinions, news, and discussions on pressing issues.106

The following are contributions of research work.107

1. This research work proposes an innovative108

approach and methodology to assess climate109

action discourses, public discussions, and en-110

gagement over Twitter.111

2. Research work analyses social media data for112

climate action awareness among citizens spa-113

tially and temporally.114

3. The experiment uses India’s social media115

space for climate action efforts from 2015116

to 2020. India as one of the most populated117

and vulnerable countries has been taken in the118

experiment.119

4. Research work proposes an innovative model120

using advanced NLP techniques and machine121

learning approaches together with topic mod-122

elling and sentiment analysis by harnessing123

the wealth of unstructured social media data124

on Twitter.125

5. The proposed research leads us towards the126

objectives and quantifiable assessment of cli-127

mate action efforts and accountable insights128

among citizens for policymakers and govern-129

ment officials for future courses of action.130

2 Literature Survey 131

Existing research and developments highlight the 132

connections between the social identity approach 133

to the psychology of climate change(Mackay et al., 134

2021). Segerberg et al. used online and social 135

media campaigns specifically for the awareness of 136

climate change efforts and evaluated those cam- 137

paigns (Segerberg, 2017). This research was only 138

limited to designed campaigns and their assessment. 139

Brink et al. experimented with extensive surveys 140

on citizen engagement in climate adaptation, fo- 141

cusing on the role of values, worldviews, gender 142

and place of the citizens etc(Brink and Wamsler, 143

2019). Haro-de-Rosario et al, applied social media 144

to enhance citizen engagement with local govern- 145

ment for the improvement of governance services. 146

It was not an assessment study but an intervention 147

assessment study(Haro-de Rosario et al., 2018). 148

Piselli et al designed an experiment to apply so- 149

cial media data to evaluate awareness about the 150

energy communities using online news and digi- 151

tal platform data(Piselli et al., 2022). Mia et al 152

research work presented a measure of climate ac- 153

tions using assessment data of ten megacities(Mia 154

et al., 2018). Roxburgh et al studied the charac- 155

terising of climate change discourse on social me- 156

dia during extreme weather events(Roxburgh et al., 157

2019). Hamid et al explored social media for en- 158

vironmental sustainability awareness in the higher 159

education domain(Hamid et al., 2017). Shakeela 160

et al research explored understanding tourism lead- 161

ers’ perceptions and their opinion of risks from cli- 162

mate change and presented an assessment of policy- 163

making processes in the Maldives. In this research 164

work, they proposed a social amplification of risk 165

framework (SARF) (Shakeela and Becken, 2015). 166

Walter et al evaluated the impact of attempts to cor- 167

rect health misinformation on social media using a 168

meta-analysis approach (Walter et al., 2021). Cri- 169

ado et al. used collaborative technologies and so- 170

cial media data to engage citizens and governments 171

during the COVID-19 Crisis in Spain (Criado et al., 172

2020). Few researchers also used social media 173

data in politics for assessing party politics, values 174

the design of social media services and implica- 175

tions of political elites’ values and ideologies to 176

mitigate political polarisation through design(Grön 177

and Nelimarkka, 2020). Daga et al experimented 178

with integrating citizen experiences in cultural her- 179

itage archives: requirements, state of the art, and 180

challenges (Daga et al., 2022). Hubert, Rocío B 181
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et al analyzed and visualised government-citizen182

interactions on Twitter to support public policy-183

making(Hubert et al., 2020). Similar studies have184

been conducted in several domains and they have185

significantly helped the knowledge and stakehold-186

ers. However, it acknowledges the challenges in187

capturing the broader societal understanding and188

support for climate initiatives. Some studies are189

event-specific and some are region-specific and190

have limitations in terms of scalability, real-time191

data collection, and the ability to capture nuanced192

sentiments. To address this gap, the proposed re-193

search aims to leverage social media platforms194

for assessing citizen engagement in climate action195

efforts. By employing ML and NLP techniques,196

the study aims to extract meaningful insights from197

large volumes of social media data. The research198

work specifically addresses the following questions199

what are the key themes and trends in the progres-200

sion of climate change discourse in India from201

2015 to 2020? How has the sentiment surrounding202

climate change in tweets originating from India203

evolved over the 6 years, and what factors con-204

tribute to these changes? What is the sentiment205

polarity distribution in tweets related to climate206

change, and how does it vary across different re-207

gions and demographics within India? What is the208

frequency of tweets discussing climate change in209

India over the specified time frame, and are there210

notable peaks or troughs in response to specific211

events or policy changes? What are the significant212

components within climate change-related tweets,213

such as prevalent hashtags, linguistic patterns, and214

user engagement, and how do these contribute to215

shaping public discourse on climate change in In-216

dia?217

3 Experimentation and Proposed Model218

3.1 Problem Formulation219

Suppose, there is N number of social media220

posts from Twitter represented as set D =221

{d1, d2.....dN}. Here di represents one particular222

instance of post/information. Let the social media223

posts and content be given a set again with several224

features F = {F1, F2....FM} respectively. Here225

N represents the total number of stories/social me-226

dia posts etc in the data set and N represents the227

number of attributes in each post. The calculated228

values are determined after doing feature engineer-229

ing and designing a new formula. Mathematically,230

A = F [D = {d1, d2.....dN}] (1)231

Where F is the awareness score/engagement func- 232

tion using inherent social media post features and 233

hashtags and associated metrics such as likes, 234

retweets, comments etc. Additionally, there are 235

other assessment metrics also which have been 236

used such as polarity and word cloud etc. 237

3.2 Dataset and Description 238

A large dataset of tweets related to climate ac- 239

tions is collected using Twitter API and Hash- 240

tags such as #ClimateChange, #GlobalWarming, 241

#ClimateAction, #ClimateCrisis, #ClimateJustice, 242

#Sustainability, #ClimatePolicy, #RenewableEn- 243

ergy, #GreenNewDeal, #CarbonFootprint, #Clima- 244

teEmergency, #ClimateScience, #ParisAgreement, 245

#CleanEnergy, #ClimateAdaptation, #EcoFriendly, 246

#ZeroEmissions, #ClimateSolutions, #ClimateRe- 247

silience, #ActOnClimate. This dataset includes 248

tweets, user information, timestamps, tweet-related 249

text, engagement metrics, likes, comments, quotes, 250

retweets etc. 251

3.3 Proposed Methods and Approaches 252

The proposed research model applies advanced 253

computational and quantitative approaches together 254

with NLP techniques. Techniques such as tokeniza- 255

tion, lemmatization, and stop word removal are 256

applied to extract and unveil prevalent themes in 257

the Twitter data about climate change discourse in 258

India. The model also analyses the sentiment ex- 259

pressed in tweets related to climate change in India. 260

With advanced computational and quantitative ap- 261

proaches together with NLP techniques, the model 262

also analyses the sentiment expressed in tweets 263

related to climate change in India and the pro- 264

posed for determination of awareness/engagement 265

score. The proposed model evaluates the Engage- 266

ment Value(E) by designing a novel formulation 267

for climate actions defined as. 268

E =
α ∗ L+ β ∗R+ θ ∗ C + λ ∗ CS

N
(2) 269

In this equation,α, β and θ are weights assigned to 270

the features from the post which include likes(L), 271

retweets(R) and comment(C) to reflect their im- 272

portance. Similarly, our experiment calculates the 273

momentum of the climate actions among citizens 274

and is calculated as follows. 275

G =
(WeightEngagement) ∗ (EngagementScore) + (WeightTrend) ∗ (TrendScore) + (WeightFrequency) ∗ (PostFrequency)

/
N

(3) 276
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In this formulation, weights are assigned to each277

component/factor to reflect their importance based278

on the significance you attribute to engagement,279

trend analysis, and post-frequency.280

Additionally, advance sentiment analysis of cli-281

mate actions was performed using customised282

model based on VADER (valence-aware dictionary283

and sentiment Reasoner) which is a pre-built senti-284

ment analysis model designed for social media text.285

It utilises a combination of a sentiment lexicon and286

grammatical rules to assess the sentiment of a piece287

of text. VADER is particularly adept at handling288

nuanced expressions, slang, and emoticons com-289

monly found in social media language. It provides290

a sentiment polarity score for text, indicating the291

positivity, negativity, or neutrality of the content.292

In the VADER sentiment analysis model, an initial293

step involves generating sentiment scores for posi-294

tive, negative, neutral, and compound sentiments.295

Following this, tweets are categorised into positive,296

negative, or neutral classes based on the compound297

value. If the compound score is less than -0.5, the298

tweet is labelled as negative; if the score falls be-299

tween -0.5 and 0.5, it is considered neutral, and300

if the score exceeds 0.5, the tweet is classified as301

positive.302

4 Result and Discussions303

The analysis revealed dynamic shifts in climate304

change discourse on Twitter in India (2015-2020).305

Identified topics encompassed environmental poli-306

cies, natural events, and public awareness cam-307

paigns. Figure 1 depicts climate change and308

actions-related trends from 2015 to 2023. [h] A col-

Figure 1: Plot depicting climate change and actions-
related trends from 2015 to 2023.

309
lective word cloud for each year from 2015 to 2020310

was generated to visually represent the predomi-311

nant themes in citizen discussion around climate312

actions as depicted in Figure 2, 3, 4, 5, 6 and 7. No- 313

tably, terms such as "warm", "climate" and "change 314

" emerged prominently, underscoring the impor- 315

tance of climate change. Strikingly, "environ" for 316

"environment" appeared with the largest font size, 317

indicating its significance within the dataset. Fur- 318

ther collective word clouds of individual years are 319

also generated. Furthermore, another word cloud

Figure 2: Collective Word Cloud (2015)

Figure 3: Collective Word Cloud (2016)

Figure 4: Collective Word Cloud (2017)

320
for year (2015-2020) was generated specifically to 321

capture positive responses for climate change. Here 322
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Figure 5: Collective Word Cloud (2018)

Figure 6: Collective Word Cloud (2019)

we can see words like "sustain", "save" and "envi-323

ron" with large font size indicating their importance324

in the positive discussion related to climate change.325

Further positive word clouds of individual years are326

also generated. The word cloud for the year (2015-327

2020) dedicated to negative sentiments emerged328

as a little smaller among the positive, neutral, and329

negative word clouds. The presence of terms such330

as "global warm," "threat," and "destroy" in this331

cloud dictates the gravity of adverse reactions and332

responses within the dataset. Further negative word333

clouds of individual years are also generated. For334

instance, 20.42% of the tweets were classified as335

Positive, 73.22% as Neutral, and 6.36% as Nega-336

tive, providing an overview of the sentiment dynam-337

ics within the analysed dataset related to climate338

actions awareness(Figure 8). For instance, in 2015,339

out of 6,407 tweets, 967 (15.09%) were positive,340

395 (6.17%) were negative, and 5,045 (78.74%)341

were neutral, offering insights into the sentiment342

distribution across the specified years. The average343

length of tweets for the total period from 2015 to344

2020 is 104 characters, and the average word count345

per tweet is 14. Results in Figures showcases the346

most positively engaged tweets related to climate347

Figure 7: Collective Word Cloud (2020)

Figure 8: Representation of Citizens in Number of
Tweets (Positive, Negative, Neutral) (2015-2020) in
climate awareness.

change over the span of 2015 to 2020. It provides 348

insight into the content, sentiment, and themes of 349

the top 50 tweets that garnered positive responses 350

during this period, offering a snapshot of impactful 351

and resonant messages within the Twitter climate 352

change discourse. Here Figure 11 illustrates the

Figure 9: Top 50 Positive Tweets (2015-2020)
353

distribution of sentiment scores in a dataset. Three 354

KDE plots depict the probability density of "Posi- 355

tive" (green), "Negative" (red), and "Neutral" (yel- 356

low) sentiments. The x-axis represents sentiment 357
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Figure 10: Top 50 Negative tweets(2015-2020)

values, and the shaded areas convey the estimated358

probability density. Clear distinctions emerge be-359

tween the sentiment categories, providing insights360

into the dataset’s sentiment distribution.

Figure 11: Visualising Sentiment Scores Of Positive,
Neutral And Negative Tweets

361

Figure 12: Visualisation of Sentiment Score

The Figure 13 displays a visual representation362

of sentiment scores across the dataset. The visual-363

ization provides a comprehensive overview of the364

distribution and patterns in sentiment, aiding in the365

interpretation of sentiment dynamics in the context366

of climate change discourse. Figure 11 illustrates367

Figure 13: Engagement and momentum score of climate
actions over the years

the distribution of sentiment scores of all combined 368

data sets and their intensity by depicting the prob- 369

ability density of "Positive" (green), "Negative" 370

(red), and "Neutral" (yellow) sentiments. It reflects 371

that negative sentiment is intense. The neutral sen- 372

timents are as intense as positive tweets. It shows 373

that negative citizens are highly negative and pos- 374

itive and neutral opinions of citizens are average 375

in terms of polarity of intensity. Figure 13 demon- 376

strates the engagement and momentum score of the 377

climate action from 2015 to 2023. Engagement 378

in climate actions among the citizens is increasing 379

but there is slightly more engagement in 2020 and 380

2021. 381

Quantitatively, In 2017, the engagement score 382

1.2296, indicating a relatively high level of engage- 383

ment compared to other years. The momentum 384

score of 0.2760 suggests a moderate increase in 385

engagement from the previous year, indicating a 386

positive trend. The engagement score increases to 387

1.3746 in 2018, indicating a higher overall engage- 388

ment compared to the previous year. The Momen- 389

tum Score of 0.5167 suggests a substantial increase 390

in engagement momentum, indicating a notable 391

positive trend. 2020 stands out with the highest 392

engagement score of 1.6672, suggesting a signifi- 393

cant increase in overall engagement. The momen- 394

tum score of 1.0000 indicates a maximum positive 395

momentum, signifying a substantial and impactful 396

change in engagement from the previous year. 397

5 Conclusion 398

The study unravels noteworthy insights into the 399

climate change discourse on Twitter in India 400

from 2015 to 2020. The collective word cloud 401

highlighted "environ" for "environment" with the 402

largest font size. Positive sentiment was associ- 403
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ated with words like "sustain," "save," and "en-404

viron," while negative sentiment featured terms405

like "global warm," "threat," and "destroy." The406

study unravels noteworthy insights into the climate407

change discourse on Twitter in India from 2015408

to 2023. Neutral tweets dominated, followed by409

positive and negative sentiments tweets. Year 2020410

stands out with the highest engagement score of411

1.6672, suggesting a significant increase in over-412

all engagement. In 2021, the engagement score413

remains high at 1.6666, almost similar to the previ-414

ous year. However, the Momentum Score of 0.7107415

suggests a substantial positive momentum, signify-416

ing a notable recovery or increase in engagement417

compared to the previous year. In 2023, the en-418

gagement score increases to 1.5098, suggesting419

a rebound in overall engagement. These scores420

can provide insights into trends and patterns help-421

ing stallholders understand the awareness and state422

of climate actions. These findings contribute to423

understanding the multifaceted nature of climate424

change discussions on social media, offering in-425

sights for policymakers and communicators aiming426

to engage with diverse perspectives and enhance cli-427

mate change communication strategies. This study428

can be applied in any country and regional national429

groups such as G7 and G20 countries, applying the430

same methodology to unveil comparative trends in431

climate change discourse. It helps in investigation432

of regional variations in sentiment, engagement,433

and key themes to contribute a global perspective.434
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