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Abstract
This study explores the multilingual dynamics of1

public discourse surrounding the RG Kar Hos-2

pital incident, an event that brought governance,3

safety, and justice issues into the spotlight. Us-4

ing data from YouTube comments in five lan-5

guages—translated and preprocessed for uniform6

analysis—the research employs sentiment analy-7

sis with VADER and topic modeling using Latent8

Dirichlet Allocation (LDA) to uncover recurring9

themes. Contrary to initial expectations of a focus10

on misogyny, the analysis revealed significant pub-11

lic dissatisfaction and an unexpected dominance of12

political discourse, particularly around administra-13

tive failures. These findings emphasize the power14

of public sentiment analysis in highlighting societal15

concerns and underline the importance of address-16

ing both governance issues and underlying socio-17

political dissatisfaction.18
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1 Introduction21

Kolkata, India – The RG Kar Medical College and Hospi-22

tal, one of the premier healthcare institutions in West Bengal,23

has become the epicenter of a harrowing controversy that has24

gripped the nation. Allegations of systemic inefficiencies, ad-25

ministrative negligence, and a deeply disturbing case of sex-26

ual violence have raised urgent questions about governance,27

accountability, and public safety.28

The crisis erupted when reports surfaced of an alleged sex-29

ual assault on the hospital premises, sending shockwaves30

through the medical community and society at large. This31

incident came to light amid ongoing concerns about the state32

of public healthcare infrastructure and its capacity to ensure33

both patient safety and employee security. Public outrage in-34

tensified when initial reports suggested a lack of swift admin-35

istrative action, further fueling skepticism about the commit-36

ment to justice.37

In response, doctors, nurses, and medical students orga-38

nized widespread protests, demanding accountability and the39

implementation of stricter safety protocols. Their demonstra- 40

tions, marked by resilience and unity, echoed beyond hospi- 41

tal walls, sparking debates about the treatment of women, the 42

responsibilities of authorities, and the role of protests in ef- 43

fecting systemic change. 44

The protests also became a political flashpoint, with oppos- 45

ing factions attempting to capitalize on the public discontent. 46

Critics accused the ruling administration of failing to address 47

long-standing issues within the healthcare system, while sup- 48

porters pointed to efforts aimed at overhauling safety mea- 49

sures. 50

Social media platforms, particularly YouTube, became are- 51

nas for public discourse, with netizens expressing their an- 52

guish, anger, and demands for reform. Multilingual discus- 53

sions, spanning Bengali, Hindi, Tamil, Telugu, and English, 54

reflected the diversity of India’s voices and their shared dis- 55

content over the incident. Common themes included a de- 56

mand for justice, critiques of governance, and calls for insti- 57

tutional accountability. 58

As the RG Kar Hospital incident continues to unfold, it 59

underscores the urgent need for reform in public institutions. 60

The collective outcry demonstrates that the public is no longer 61

willing to accept systemic failures without questioning their 62

roots. 63

This incident serves as a stark reminder of the challenges 64

faced by India’s public healthcare system and the pressing 65

need for reforms that prioritize safety, transparency, and ac- 66

countability. It also highlights the power of public sentiment 67

and collective action in holding authorities accountable. As 68

investigations proceed and policy discussions unfold, the RG 69

Kar Hospital case may well mark a turning point in how such 70

incidents are addressed in the future. 71

2 Methodology 72

To analyze public sentiment and uncover key themes related 73

to the RG Kar Hospital incident, this study adopted a sys- 74

tematic approach that involved data collection, preprocessing, 75

sentiment analysis, and topic modeling. The methods used 76

ensure the multilingual and diverse nature of the comments 77



Figure 1: Sentiment distribution for Bengali comments using
VADER.

was appropriately processed and analyzed. The following78

subsections detail the steps taken to conduct this research.79

2.1 Data Collection80

The data collection process for this study was conducted in81

three sequential steps to ensure relevance and accuracy in82

capturing public sentiment regarding the RG Kar Hospital in-83

cident.84

First, video IDs were extracted using the ScrapeTube li-85

brary. This involved targeting YouTube channel IDs of var-86

ious national and regional news channels. By programmati-87

cally scraping these channels, a comprehensive list of video88

IDs related to recent news events was generated.89

Next, the YouTube Data API v3 was employed to gather90

metadata for the extracted video IDs. This included details91

such as video titles, descriptions, and publication dates. The92

dataset was then filtered to retain only videos uploaded on93

or after August 5, 2024, the date of the RG Kar Hospital in-94

cident. This step ensured temporal relevance, focusing the95

analysis on public discourse surrounding the event and its af-96

termath.97

In the final step, the text-embedding-ada-002 model from98

OpenAI was used to refine the dataset further. Video titles and99

descriptions were embedded and compared against a set of100

predefined contextual keywords, including “RG Kar,” “hos-101

pital rape case,” “Kolkata doctors,” and “medical protests.”102

Only videos with high contextual relevance to these keywords103

were retained for analysis.104

This multi-step approach ensured the collection of a tar-105

geted and high-quality dataset representing diverse public re-106

actions across languages, setting the stage for subsequent sen-107

timent analysis and topic modeling.108

Figure 2: Sentiment distribution for all comments using VADER.

2.2 Data Preprocessing 109

To ensure the data was clean and relevant for analysis, the 110

following preprocessing steps were performed: 111

• Translation of non-English comments using Google 112

Translator API. 113

• Removal of non-alphanumeric characters, redundant 114

whitespace, and irrelevant text. 115

• Filtering comments to retain those discussing the RG 116

Kar Hospital incident, using keywords such as “RG 117

Kar,” “hospital rape case,” “Kolkata doctors,” and 118

“medical protests.” 119

2.3 Sentiment Analysis 120

Sentiment analysis was conducted using the VADER (Va- 121

lence Aware Dictionary and Sentiment Reasoner) tool. 122

VADER was chosen due to its ability to analyze short, social- 123

media style texts effectively, making it particularly suitable 124

for comments on platforms like YouTube. Comments were 125

classified into three categories: 126

• Positive 127

• Neutral 128

• Negative 129

The sentiment scores were aggregated to analyze public sen- 130

timent trends across languages, providing insights into public 131

reactions to the incident and associated protests. 132

2.4 Topic Modeling 133

To identify key themes within the dataset, the Latent Dirich- 134

let Allocation (LDA) algorithm was applied. LDA is a 135

widely used unsupervised machine learning technique that ef- 136

fectively uncovers latent topics within unstructured text data. 137

This approach was chosen due to its ability to handle multi- 138

lingual comments and extract meaningful patterns, making it 139

a robust method for analyzing public discourse. 140

The preprocessing steps for topic modeling included: 141



Topic Top Keywords
Topic 1 governance, accountability, protest, action,

reform
Topic 2 justice, safety, rights, victim, incident
Topic 3 political, dissatisfaction, leadership, ad-

ministration, change
Topic 4 public, healthcare, support, response, re-

form
Topic 5 demand, action, anger, corruption, failure

Table 1: Topic modeling results with associated keywords.

• Tokenization: Splitting the text into individual tokens142

(words) for analysis.143

• Stopword Removal: Removing common stopwords to144

focus on meaningful terms while retaining politically145

relevant terms. Custom stopwords used in this analysis146

included words such as “govt,” “mamta,” “tmc,” “bjp,”147

and “banerjee,” which were retained to ensure the polit-148

ical context of the discussion was preserved.149

• Bag-of-Words Representation: Converting the prepro-150

cessed text into a bag-of-words representation, where151

each comment was represented as a collection of word152

frequencies for analysis.153

The LDA model was applied to this processed data to un-154

cover recurring themes and topics. For each topic, the model155

identified the most relevant keywords, which were analyzed156

to interpret underlying public concerns. This approach al-157

lowed the study to reveal themes such as governance issues,158

calls for justice, and political dissatisfaction, highlighting the159

depth of societal reactions to the RG Kar Hospital incident.160

3 Results and Discussion161

The analysis of YouTube comments provided valuable in-162

sights into public sentiment and recurring themes surround-163

ing the RG Kar Hospital incident. The results highlighted the164

multilingual and multifaceted nature of public discourse, em-165

phasizing a strong focus on governance, justice, and political166

dissatisfaction. The following subsections detail the findings167

from sentiment analysis and topic modeling.168

3.1 Sentiment Analysis Results169

Sentiment analysis using the VADER tool provided insights170

into public sentiment across the five languages studied (Fig-171

ure 2). The results indicated that negative sentiments dom-172

inated across all languages, highlighting widespread dissat-173

isfaction with the RG Kar Hospital incident and subsequent174

administrative responses.175

Malayalam and Bengali displayed particularly strong neg-176

ative sentiments, reflecting distrust and anger toward gover-177

nance and justice systems (Figure 1). Positive sentiments,178

though less prevalent, often acknowledged the resilience of179

protesters or supported calls for reform. Neutral sentiments180

captured informative or descriptive comments that provided181

context to the discussions.182

Figure 3: Topic distribution across multilingual comments.

3.2 Topic Modeling Results 183

The LDA model extracted five key themes from the multilin- 184

gual comments, shedding light on public concerns (Figure 3): 185

• Topic 1: Governance issues and systemic failures. 186

This topic included discussions about administrative in- 187

efficiencies, lack of safety protocols, and calls for ac- 188

countability in public institutions. 189

• Topic 2: Justice and accountability. Comments in this 190

category emphasized the need for justice for victims and 191

strict punishment for perpetrators, highlighting public 192

anger over perceived delays in action. 193

• Topic 3: Political dissatisfaction and protests. A sig- 194

nificant portion of the comments criticized the ruling 195

administration and political actors, reflecting frustration 196

with governance and political opportunism during the 197

crisis. 198

• Topic 4: Social and cultural dynamics. Comments in 199

this topic addressed societal attitudes, cultural percep- 200

tions, and the role of public protests in driving change. 201

• Topic 5: Institutional reforms. This theme captured 202

calls for systemic reforms, improved safety measures, 203

and better governance, emphasizing the need for struc- 204

tural changes in public institutions. 205

The prevalence of political discourse, often tied to admin- 206

istrative inefficiencies, was unexpected, given the initial as- 207

sumption of a focus on misogyny. Instead, the analysis re- 208

vealed a broader dissatisfaction with governance and the po- 209

litical landscape. 210

3.3 Key Findings 211

The analysis revealed two primary outcomes: 212

1. Negative sentiment dominated, emphasizing public dis- 213

satisfaction. 214

2. Political discourse overshadowed the expected focus on 215

misogyny, reflecting deep-seated societal frustrations. 216

These findings highlight the role of sentiment analysis in 217

identifying governance and safety concerns, even in incidents 218

tied to gender-based violence, and underline the interconnect- 219

edness of social, cultural, and political issues. 220



3.4 Limitations221

This study has several limitations. First, relying solely on222

YouTube comments may not capture the full range of pub-223

lic opinion across other social media platforms, potentially224

introducing demographic biases.225

Second, automated translations, while enabling multilin-226

gual analysis, may misinterpret cultural nuances or idiomatic227

expressions, affecting sentiment and topic modeling accu-228

racy.229

Third, VADER, though effective for short-form text, strug-230

gles with detecting sarcasm and complex emotional contexts.231

Similarly, LDA assumes distinct topics, potentially oversim-232

plifying overlapping topics in public discourse.233

Future work should expand data sources, use advanced234

multilingual tools, and explore alternative modeling tech-235

niques for a more comprehensive analysis.236

4 Conclusion237

This study investigated the public sentiment and key themes238

surrounding the RG Kar Hospital incident using multilingual239

data from YouTube comments. The analysis provided critical240

insights into societal reactions, uncovering widespread pub-241

lic dissatisfaction and an unexpected focus on political dis-242

course.243

Sentiment analysis revealed that negative sentiments over-244

whelmingly dominated, reflecting deep frustration with gov-245

ernance and administrative inefficiencies. While the initial246

expectation was a focus on misogyny and gender-related is-247

sues, the prevalence of political themes highlighted the com-248

plex interplay between social concerns and political dissatis-249

faction.250

The use of multilingual sentiment analysis and topic mod-251

eling proved instrumental in capturing diverse public opin-252

ions. These findings underscore the importance of leveraging253

social media discourse to understand public sentiment on sen-254

sitive socio-political issues.255

Future research could explore the evolution of public sen-256

timent over time and analyze the impact of administrative ac-257

tions on societal trust. Additionally, expanding the dataset258

to include other social media platforms could provide a more259

comprehensive understanding of public opinion.260
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