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Abstract 1 

A 2023 United Nations Environment 2 

Programme report found that 3200 out of 3 

the 7000 substances associated with plastic 4 

have hazardous properties. Plastic pollution 5 

is clearly a global health crisis. The issue is 6 

also multi-faceted: the International Union 7 

for the Conservation of Nature calls it an 8 

issue that has “multiple sources and actors.” 9 

Despite this, media coverage of plastic 10 

pollution has largely focused on only a few 11 

of its forms. This can create a dangerous 12 

restriction in public perspective, which 13 

plays a major part in preventing the taking 14 

of action against underrepresented forms of 15 

plastic pollution. In this paper, we conduct 16 

a computational analysis of nearly 1600 17 

newspaper articles from 10 of the most 18 

popular media sources in the United States 19 

and India. Our analysis shows that despite 20 

increasing media coverage of plastic 21 

pollution, certain forms remain 22 

dangerously underreported. Additionally, 23 

there is a discernible difference between 24 

coverage in the two countries, suggesting 25 

the need for consumers to aggregate 26 

information to get a comprehensive view of 27 

the issue. Our use of a large language model 28 

– as opposed to a manual approach – allows 29 

us to conduct our analysis on a larger 30 

dataset in the future, while still retaining 31 

high classification accuracy. 32 

1 Introduction 33 

Plastic pollution is a growing global problem that 34 

is having concerning effects on human and 35 

planetary health. Plastics have been linked to 36 

higher risks of myocardial infarctions, strokes, and 37 

death in humans (Marfella et al., 2024); tissue 38 

damage in fish, which serve as common vectors for 39 

microplastic transport into humans (Bhuyan, 2022; 40 

Alberghini et al., 2022); and limited crop output, 41 

leaching into the soil and negatively affecting 42 

consumer health (United Nations Environment 43 

Programme [UNEP], 2022). With this, plastic 44 

pollution has been classified into numerous forms. 45 

Classifications based on the source of the pollution 46 

and the environment in which it occurs include 47 

marine plastic pollution, single-use plastic 48 

pollution, E-waste, biomedical plastic pollution, 49 

agricultural plastic pollution, urban plastic 50 

pollution, and industrial plastic pollution. 51 

Classifications of plastics based on size include 52 

nanoplastics, which are 1nm to 1µm long (Gigault 53 

et al., 2018); microplastics, which are <5mm long 54 

(National Oceanic and Atmospheric 55 

Administration [NOAA], 2023); and 56 

macroplastics, which are ≥5mm long (Lechthaler et 57 

al., 2020). 58 

For plastic pollution, public perception often 59 

plays a key role in determining the success of 60 

proposed solutions and reducing the impact of the 61 

issue. Pahl et al. (2020) describe aquatic plastic 62 

pollution, for example, as an issue entirely due to 63 

humans, with humans making decisions at every 64 

step of the plastic production, consumption, and 65 

disposal process that ultimately result in plastic 66 

ending up in aquatic environments. Media 67 

coverage has been shown to strongly influence 68 

public perception of topics across various domains. 69 

Boomgaarden and de Vreese (2007) explained how 70 

exposure to media coverage after a dramatic real-71 

world event, specifically an assassination in the 72 

Netherlands, led to increased threat perceptions 73 

among those who consumed more of it. Palau and 74 

Davesa (2013) showed that increases in media 75 

coverage of corruption in Spain resulted in greater 76 

amounts of citizen concern regarding the issue. 77 

Additionally, Sampei and Aoyagi-Usui (2009) 78 

demonstrated that Japanese media coverage of 79 

global warming had an immediate impact on public 80 

awareness of the issue. The analysis of media 81 

coverage related to plastic pollution is therefore an 82 

important task for understanding public perception 83 

of the issue. The understanding of this perception, 84 
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in turn, can be valuable information for regulatory 85 

agencies and activist organizations seeking to 86 

understand areas in which public awareness is 87 

lacking. This understanding could help create more 88 

effective campaigns and regulations in the fight 89 

against plastic pollution. 90 

1.1 Previous Works: Plastic Pollution & 91 

Environment-Related Media Analysis 92 

Despite its importance, there has been limited 93 

work done in analyzing media coverage 94 

regarding plastic pollution. Keller and Wyles 95 

(2021) analyzed 943 news articles from four of 96 

the UK’s most popular newspapers, with a 97 

balance of left-wing/right-wing sources and 98 

tabloid/broadsheet-style papers. Using STM, a 99 

topic-modeling algorithm, the authors were able 100 

to identify four subthemes in the main theme of 101 

marine plastic pollution, with further division 102 

into specific topics (e.g., “ocean and river 103 

cleaning devices”). Males and Van Aelst (2020) 104 

evaluated the effects of the popular BBC 105 

documentary series, The Blue Planet II, on the 106 

U.K. public, media, and politics. The authors 107 

suggest that the documentary played a key role 108 

in increasing discourse about plastic pollution 109 

across the three mediums, with an increase in 110 

relative popularity by as much as 900% on days 111 

on which the broadcasted episode explicitly 112 

mentioned marine plastic pollution & its effects. 113 

McKinnon (2021) conducted a content analysis 114 

of 98 articles from French sources Le Monde and 115 

Le Figaro and American sources The New York 116 

Times and the Los Angeles Times to understand 117 

the differences in coverage of marine litter 118 

between the two countries. McKinnon found that 119 

both French and American sources used similar 120 

metaphors, such as the “Great Pacific garbage 121 

patch” and the “seventh continent” to misclassify 122 

the plastic debris in the Pacific Ocean. However, 123 

while French media frequently framed marine 124 

litter as a political issue, American media framed 125 

it most commonly as a “cultural dilemma.” 126 

More work has been done in the broader area 127 

of analyzing environment-related media. Reis 128 

(1999) analyzed 649 news items from two 129 

Brazilian newspapers, Folha de S. Paulo and O 130 

Globo, to understand differences in coverage of 131 

the 1992 United Nations Conference on 132 

Environment and Development (UNCED), 133 

commonly referred to as the Earth Summit. The 134 

author found that environmental issues made up 135 

only 34% and approximately 51% of Folha’s and 136 

O Globo’s coverage, respectively. More focus 137 

was instead given to economic affairs, external 138 

international agreements, the conference’s 139 

impact on the city and country, and the 140 

organization of the conference. Maria Jönsson 141 

(2011) conducted an analysis of 6,033 articles 142 

published by the popular Swedish newspaper 143 

Dagens Nyheter to understand media focus on 144 

environmental risks in the Baltic Sea and how it 145 

has changed over time. On the issue of climate 146 

change and global warming, Das (2020) 147 

analyzed 426 articles from three newspapers, 148 

namely The Times of India, The Hindu, and The 149 

Indian Express to discover how climate justice 150 

was portrayed in Indian media during COP21 151 

and COP22 (United Nations Climate Change 152 

Conferences, held in December 2015 and 153 

November 2016, respectively). Das found that 154 

more than 80% of the analyzed articles covered 155 

climate justice, with a greater focus across the 156 

three sources on harm avoidance rather than 157 

burden sharing. Additionally, the “morality” 158 

frame was the most common for burden sharing, 159 

while the “impact” frame was the most common 160 

for harm avoidance. Keller et al. (2019) analyzed 161 

18,000 climate change articles published from 162 

1997 to 2016 in The Times of India and The 163 

Hindu to discover trends and prominent topics in 164 

Indian media’s coverage of climate change. The 165 

authors discovered a significant increase in 166 

media coverage of climate change over the last 167 

20 years. Furthermore, using LDA, another topic 168 

modeling algorithm, the authors were able to 169 

classify articles into four main themes: climate 170 

change and society, climate change impacts, 171 

climate politics, and climate science. According 172 

to the authors, these topics reveal “the myriad 173 

ways in which the Indian media expose and 174 

potentially educate the Indian public about 175 

climate change.” Finally, Dotson et al. (2012) did 176 

a content analysis of 269 climate change-related 177 

articles from Chile’s conservative newspaper El 178 

Mercurio and liberal newspaper La Nación. The 179 

analysis revealed a greater number of articles & 180 

graphics and a higher word count in La Nación 181 

than in El Mercurio, while there were a higher 182 

number of articles in El Mercurio that framed 183 

climate change as a binary (positive/negative) 184 

issue than one that could be a neutral balance.  185 
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1.2 Shortcomings in Previous Works 186 

These studies fall short in various ways, 187 

however. First, all but one analyze data exclusive 188 

to one country. Conducting an international-level 189 

analysis could provide valuable data about how 190 

factors like development level, major industries, 191 

and cultural norms influence media coverage of 192 

plastic pollution. Secondly, all but two use a 193 

manual-based approach to analysis. This greatly 194 

restricts the amount of data that can be analyzed, 195 

as automated approaches based in fields like 196 

NLP (natural language processing) can have 197 

tremendous impacts on efficiency and enable a 198 

larger scale of analysis. Furthermore, even the 199 

two previous studies that use automated analysis 200 

methods fail to take advantage of recent 201 

developments in NLP, with the largest being the 202 

creation and popularization of the large language 203 

model (LLM). LLMs have been shown to be 204 

effective few-shot learners, meaning models like 205 

OpenAI’s GPT-3.5 only need a few training 206 

examples before being able to accurately 207 

complete a desired learning task. For analyzing 208 

media coverage where, for example, manually 209 

classifying numerous articles’ frames can be 210 

inconvenient, few-shot learning with LLMs is an 211 

effective method to automate analysis. 212 

In response to these shortcomings, we present 213 

PlastiNews. Using a large language model, we 214 

analyze nearly 1600 news articles from India and 215 

the United States to understand how media 216 

coverage of plastic pollution differs between the 217 

two countries. 218 

2 Materials and Methods 219 

2.1 Data Collection 220 

We began by collecting articles from five of the 221 

most popular American media sources and five of 222 

the most popular Indian news sources. For the 223 

American newspapers, we used the ProQuest US 224 

Major Dailies database, which provides an 225 

archive of the Chicago Tribune, the Los Angeles 226 

Times, The New York Times, the Wall Street 227 

Journal, and the Washington Post. For Indian 228 

newspapers, we used the NewsBank world 229 

newspaper database and selected The Times of 230 

India, the Hindustan Times, The Hindu, the Indian 231 

Express, and the Economic Times. For both 232 

databases, we used the search term “plastic 233 

pollution,” which meant that only articles 234 

containing the exact phrase “plastic pollution” 235 

were returned. From this, we collected 1595 236 

articles – 358 from the United States and 1237 237 

from India – to analyze. The breakdown of these 238 

articles is detailed in Tables 1 & 2 and Figures 1 239 

& 2. American news articles ranged in publishing 240 

date from 2006 to 2023, while collected Indian 241 

news articles were more recent and ranged in 242 

publishing date from 2018 to 2023.  243 

 244 

 245 

Figure 1: Breakdown of American media sources 246 

analyzed by percentage. 247 

Source No. of 

articles 

analyzed 

% of total 

articles 

Chicago Tribune 39 10.9% 

Los Angeles Times 39 10.9% 

The New York Times 96 26.8% 

Wall Street Journal 109 30.4% 

Washington Post 75 20.9% 

TOTAL 358 100% 

Table 1:  Breakdown of American media sources 

analyzed. 

 

 

Source No. of 

articles 

analyzed 

% of total 

articles 

The Times of India 498 40.3% 

Hindustan Times 292 23.6% 

The Hindu 283 22.9% 

Indian Express 110 8.9% 

Economic Times 54 4.4% 

TOTAL 1237 100% 

Table 2:  Breakdown of Indian media sources 

analyzed.                                              
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 248 

Figure 2: Breakdown of Indian media sources 249 

analyzed by percentage. 250 

2.2 General Data Analysis 251 

We first conducted a general, exploratory data 252 

analysis. This was done through sentiment and 253 

subjectivity analysis. The former provides 254 

information on the tone of media towards plastic 255 

pollution, while the latter ensures that there is no 256 

significant bias in collected data. Figures 3 and 4 257 

are boxplots of the sentiment of American and 258 

Indian articles, respectively. The median sentiment 259 

for both is relatively close to 0, and outliers across 260 

the two boxplots do not fall below approximately   261 

-0.3 or above approximately 0.6. This demonstrates 262 

that there is a relatively neutral tone for both 263 

American and Indian media towards plastic 264 

pollution, which makes sense as most articles are 265 

not emotionally charged pieces. There was little 266 

change in the shape of the two boxplots between 267 

the two countries.  268 

 269 

Figure 3: A boxplot of the sentiment of American media 270 

covering plastic pollution. A value of -1 reflects a purely 271 

negative sentiment, while a value of +1 reflects a purely 272 

positive sentiment. 273 

 274 

Figure 4: A boxplot of the sentiment of Indian media 275 

covering plastic pollution. A value of -1 reflects a purely 276 

negative sentiment, while a value of +1 reflects a purely 277 

positive sentiment. 278 

 279 

Figures 5 and 6 are boxplots of the subjectivity of 280 

American and Indian articles, respectively. Both 281 

boxplots have medians of roughly 0.4, which 282 

reflects a slightly higher number of objective 283 

articles than subjective (e.g., opinion pieces) 284 

articles. Understandably, however, there was a 285 

wide range of outliers – across the two, outliers 286 

spanned from approximately 0 to 0.9 – as opinion 287 

pieces have subjectivities very close to 1, while 288 

purely informative pieces have subjectivities very 289 

close to 0. A mix of these article types therefore 290 

produces a wide range of values between 0 and 1. 291 

Unlike the sentiment boxplots, there was a 292 

difference in shape between the two subjectivity 293 

boxplots: the one for Indian media had a slightly 294 

higher spread and more clustered outliers. 295 

 296 

Figure 5: A boxplot of the subjectivity of American 297 

media covering plastic pollution. A value of 0 reflects a 298 

purely objective article, while a value of 1 reflects a 299 

purely subjective article. 300 
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 301 

Figure 6: A boxplot of the subjectivity of Indian media 302 

covering plastic pollution. A value of 0 reflects a purely 303 

objective article, while a value of 1 reflects a purely 304 

subjective article. 305 

 306 

Overall, this general data analysis illustrated that 307 

collected media had a relatively neutral tone 308 

towards plastic pollution and had a mix of objective 309 

and subjective pieces, with a slightly higher 310 

number falling into the former category.    311 

2.3 LLM-Based Classification 312 

An interesting point that has not been explored in 313 

previous studies is the form of plastic pollution 314 

covered in media sources. That is to say, whether 315 

a media source is primarily talking about single-316 

use plastic pollution, marine plastic pollution, 317 

agricultural plastic pollution, biomedical plastic 318 

pollution, or WEEE plastic pollution (E-Waste). 319 

Conducting such classification on a dataset of our 320 

size or larger would be tedious and likely require 321 

reading through each article fully. Fortunately, 322 

this process can be automated with a large 323 

language model. 324 

We first began by selecting to use the 325 

OpenAI GPT-3.5 Turbo model. At the time of our 326 

analysis, it was the most recent GPT model. The 327 

model has a context window of 16,385 tokens. 328 

Since the context window determines the 329 

maximum number of input tokens that can be fed 330 

into the model, a large context window enables 331 

few-shot learning and detailed prompt 332 

engineering. We used a temperature of 0 to 333 

decrease the randomness of the model outputs.  334 

Zero-Shot Learning We began by testing 335 

zero-shot learning (i.e., no training examples were 336 

provided). The prompt provided was as follows: 337 

“Your name is Dr. PlastiNews. You are an expert 338 

on plastic pollution and have spent your life 339 

studying the field. You have recently been tasked 340 

with a new job: categorize news articles given to 341 

you into one of five subject categories: 1. Single-342 

use 2. Agricultural 3. Marine 4. Biomedical 5. 343 

WEEE (electronic) Do this based on the article 344 

content. Note that there may be some overlap 345 

between categories. In the case of an overlap, 346 

please mention all categories covered. But an 347 

article must truly talk about a type of plastic 348 

pollution for you to put it into the corresponding 349 

category. It must be a core subject of the article. 350 

If the article does not fall into any of the 351 

categories, label it as a member of the ‘6. No Tag’ 352 

category.” 353 

The OpenAI function calling feature was also 354 

used. The following function description was 355 

provided: 356 

“Return the classification of the given article on 357 

plastic pollution as either single-use, agricultural, 358 

marine, biomedical, WEEE, or no tag.” 359 

A list of the tags was provided as a part of the 360 

function call, restricting the model’s outputs to 361 

those given in the list ([“single-use”, 362 

“agricultural”, “marine”, “biomedical”, “WEEE”, 363 

“no tag”]).  364 

A random sample of 310 documents was taken 365 

from the entire corpus and fed into the GPT 3.5-366 

Turbo model with the prompt above. Each 367 

document was also manually classified by the first 368 

author into one or more of the six categories. The 369 

sample size was determined based on Cochran’s 370 

sample size formula for finite populations at the 371 

95% confidence level, a margin of error of 0.05, p 372 

= 0.5, and N = 1595: 373 

 𝑛 =
𝑧2×𝑝(1−𝑝)

𝐸2

1+(
𝑧2×𝑝(1−𝑝)

𝐸2𝑁
)
  (1) 374 

252 out of 310 of the manually classified 375 

documents were placed into the same category by 376 

the first author and the GPT model. We therefore 377 

estimated the accuracy of this zero-shot learning 378 

approach to be 81.3%. 379 

Other Approaches We also experimented 380 

with one-shot and few-shot learning (two-shot to 381 

five-shot), yet these resulted in minimal 382 

improvements in accuracy. The maximum change 383 

was with three-shot learning, which resulted in an 384 

accuracy of 81.6%. Four-shot and five-shot 385 

learning resulted in decreases in accuracy, in fact: 386 

79% and 78.4%, respectively. We believe that 387 

these changes in accuracy were only marginal 388 

because GPT models already have extensive 389 

knowledge of plastic pollution and thus 390 

classification examples provide little help. For 391 

this reason, we decided to conduct our analysis 392 

with zero-shot learning, since the slight variations 393 

in accuracy were not enough for us to sacrifice the 394 

benefits in price and speed that came with a 395 

shorter prompt. 396 
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3 Findings 397 

3.1 Time Series Analysis 398 

We first did a time series analysis on our data to see 399 

how media coverage of plastic pollution has 400 

changed over time and its relationship with 401 

historical events. Figure 6 illustrates the number of 402 

articles on plastic pollution published per year from 403 

2006 to 2023 in American media, while Figure 7 404 

illustrates the number of articles on plastic 405 

pollution published per year from 2018 to 2023 in 406 

Indian media. 407 

This analysis revealed several key points. First, 408 

the graphs show a general increase in media 409 

coverage of plastic pollution in both American and 410 

Indian media coverage. This supports the idea that 411 

the world is becoming increasingly knowledgeable 412 

about plastic pollution and related environmental 413 

issues. However, there was a significant decrease 414 

in media coverage regarding plastic pollution in 415 

India in 2020. A similar, but less sharp, trend was 416 

seen in the United States. This may have been 417 

because plastic pollution was overshadowed by 418 

other topics, such as the spread of the COVID-19 419 

pandemic, in media coverage. 420 

Additionally, the financial publications in the 421 

group – the Wall Street Journal in the United States 422 

and the Economic Times in India – understandably 423 

covered plastic pollution the least, as there is likely 424 

little finance-related coverage on the topic. Finally, 425 

there was a clear increase in media coverage of 426 

plastic pollution in 2022 in both countries. This is 427 

likely because of the groundbreaking UN 428 

resolution to end plastic pollution by 2024. This 429 

resolution was approved in 2022 and attracted 430 

significant media coverage. Notably, it created the 431 

Intergovernmental Negotiating Committee (INC), 432 

which will have its fifth session (INC-5) in 433 

November 2024. 434 

 435 

Figure 6: A graph of the number of pieces covering 436 

plastic pollution in American media from 2006 to 2023. 437 

 438 

Figure 7: A graph of the number of pieces covering 439 

plastic pollution in Indian media from 2018 to 2023. 440 

3.2 Classification Comparison  441 

Figures 8 and 9 display a breakdown of American 442 

and Indian media coverage of plastic pollution by 443 

type. From the graph, we see that Indian media has 444 

a higher focus on agricultural plastic pollution than 445 

American media. This makes sense, considering 446 

the larger role agriculture plays in Indian society. 447 

For example, in 2021, while agriculture only made 448 

up 0.96% of U.S. GDP and 1.66% of total U.S. 449 

employment, it makes up 17.3% of India’s GDP 450 

and employs 44.1% of the population (The World 451 

Bank, 2023). As a result, Indian media is more 452 

likely to report on agricultural plastic pollution than 453 

American media; it is more relevant in India than 454 

in the U.S. 455 

 Furthermore, in India, there is a much 456 

lower focus on marine plastic pollution than in the 457 

United States. We believe this may be because land 458 

plastic pollution is much more prevalent in India 459 

than in the United States. This is because of poor 460 

waste management systems that struggle to keep up 461 

with the rapidly increasing and urbanizing 462 

population (Kumar et al., 2017). As a result, media 463 

coverage in India focuses more on the common and 464 

visible land plastic pollution and less on the marine 465 

plastic pollution that is less prevalent in inland 466 

areas. Waste management systems in the U.S. are 467 

generally more advanced, owing in large part to the 468 

higher level of development (United Nations 469 

Development Programme [UNDP], 2024). 470 

Differences in media coverage are thus not static; 471 

as India continues to develop (Gutta and Kedia, 472 

2024), media coverage of plastic pollution may 473 

become like that in the United States.  474 

Finally, both countries focus on single-use 475 

plastic pollution, which makes sense as products 476 



7 

 
 

like plastic bags are ubiquitous (Parker, 2019) and 477 

largely not related to a country’s level of 478 

development or economy. Concerningly, however, 479 

little focus is placed on biomedical and WEEE 480 

plastic pollution. These problems are not small. For 481 

example, India was producing more than 530 tons 482 

(480 metric tons) of biomedical waste per day 483 

according to data gathered in 2018 (Datta et al., 484 

2018). Furthermore, over 70% of toxic waste in 485 

U.S. landfills is e-waste (United States 486 

Environmental Protection Agency [EPA], 2011). 487 

However, because these issues are not frequently 488 

covered in media, citizens may remain uninformed 489 

about the dangers of these issues and continue to 490 

contribute to the pollution problem.  491 

 492 

Figure 8: A graph of the percentage per category of all 493 

pieces covering plastic pollution in American media.  494 

 495 

 496 

Figure 9: A graph of the percentage per category of all 497 

pieces covering plastic pollution in Indian media. 498 

4 Conclusion 499 

We presented PlastiNews, an analysis of nearly 500 

1600 news articles from the United States and India 501 

on plastic pollution. We conducted a time series 502 

analysis, showing a general uptick in plastic 503 

pollution media coverage over time in both 504 

countries and changes in coverage associated with 505 

historical events. Using a large language model, we 506 

also identified differences in media coverage 507 

between the two countries. These differences are 508 

aligned with other aspects of the countries, such as 509 

the level of development and the major economic 510 

contributors. Finally, we showed that coverage of 511 

both biomedical and WEEE plastic pollution 512 

remains low, despite the large impacts that both 513 

forms have. Our findings highlight the need for 514 

increased media coverage and awareness of these 515 

issues. Furthermore, our findings could be useful 516 

for government organizations and activists looking 517 

to create more effective targeted anti-plastic 518 

pollution campaigns.  519 

5 Next Steps 520 

We are expanding our research to include analysis 521 

of social media data, which could provide a more 522 

direct insight into public perspective on plastic 523 

pollution. Additionally, we are broadening our 524 

media coverage analysis to include countries that 525 

are at different development levels, have extensive 526 

government initiatives specifically targeted at 527 

reducing plastic pollution, and have different major 528 

industries. This expanded analysis could help us 529 

further explore the impact of these factors on media 530 

coverage of plastic pollution. This analysis would 531 

also utilize the newer GPT models and experiment 532 

with various other large language model families, 533 

such as Google’s Gemini, Anthropic’s Claude, or 534 

Meta’s LLaMA. 535 
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