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Abstract

The advent of generative AI tools has had a profound impact
on societies globally, transcending geographical boundaries.
Understanding these tools’ global reception and utilization is
crucial for service providers and policymakers in shaping fu-
ture policies. Therefore, to unravel the perceptions and en-
gagements of individuals within diverse linguistic communi-
ties with regard to generative AI tools, we extensively ana-
lyzed over 6.8 million tweets in 14 different languages. Our
findings reveal a global trend in the perception of genera-
tive AI, accompanied by language-specific nuances. While
sentiments toward these tools vary significantly across lan-
guages, there is a prevalent positive inclination toward Im-
age tools and a negative one toward Chat tools. Notably, the
ban of ChatGPT in Italy led to a sentiment decline and ini-
tiated discussions across languages. Furthermore, we estab-
lished a taxonomy for interactions with chatbots, creating a
framework for social analysis underscoring variations in gen-
erative AI usage among linguistic communities. We find that
the Chinese community predominantly employs chatbots as
substitutes for search, while the Italian community tends to
use chatbots for tasks such as problem-solving assistance and
engaging in entertainment or creative tasks. Our research pro-
vides a robust foundation for further explorations of the social
dynamics surrounding generative AI tools and offers invalu-
able insights for decision-makers in policy, technology, and
education.

1 Introduction
Generative Artificial Intelligence (AI) has recently expe-
rienced a surge in popularity, representing significant ad-
vancements in various domains, including text generation,
image creation, and software code development (Brynjolf-
sson, Li, and Raymond 2023). This growth has had an im-
pact beyond the realm of technology, influencing various as-
pects of daily life (Sallam 2023; Lund et al. 2023), such as
healthcare (Gabashvili 2023) and education (Bordt and von
Luxburg 2023; Li et al. 2023). Notably, ChatGPT, with its
user-friendly interface, has democratized access to AI, ex-
tending its usage from academics and professionals to the
general public, and garnered one million users within just
five days of its launch (Hu 2023).
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The introduction of new services not only signifies tech-
nological advancements but also brings societal expecta-
tions and concerns, reminiscent of historical precedents
such as the Luddite movement against mechanized looms
(Wikipedia) and the resistance against automated driv-
ing (Kerr 2023). Gartner, Inc. emphasized in their press re-
lease that generative AI occupies the “Peak of Inflated Ex-
pectations” in their 2023 Hype Cycle for Emerging Tech-
nologies and is expected to yield transformative impacts in
the coming years (Inc. 2023). In contrast, concerns about
job displacement (Brower 2023) and regulatory consider-
ations, including bans in public schools (Rosenblatt 2023)
and debates on ChatGPT’s accessibility (Rudolph, Tan, and
Tan 2023; McGleenon 2023), exist. To effectively address
the challenges posed by generative AI in the future, it is
imperative to comprehend societal perceptions and formu-
late strategies and policy guidelines for its widespread use.
Notably, generative AI primarily functions as an online ser-
vice, transcending geographical boundaries and impacting
nations worldwide. This global nature dictates diverse reac-
tions and regulatory stances; for instance, some countries,
such as Italy, have prohibited access to ChatGPT (McCal-
lum 2023), while others, such as Japan, are embracing its
potential (Cao 2023). These considerations underscore the
importance of understanding how diverse cultures and lan-
guages perceive and utilize generative AI.

In this study, we conduct a comprehensive analysis of
public perceptions and usage patterns of generative AI on
Twitter (now X), especially focusing on the variations that
emerge across distinct linguistic communities. Given Twit-
ter’s extensive global user base and the frequent display of
interactions with these technologies, it serves as an ideal
platform for assessing public sentiments and identifying dif-
ferences among languages. Understanding these distinctions
is pivotal for considering the future dynamics between hu-
mans and AI. To this end, we pose these research questions:
RQ1: How do the sentiments toward generative AI vary
across different languages? Our objective is to compre-
hend the trends and changes in the reception of generative
AI within diverse linguistic communities. By examining the
evolution of sentiments over time, we can grasp the nuanced
differences in perception and ascertain how external factors
relate to perceptions within various language communities.
RQ2: How do linguistic communities differ in the con-
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tent about generative AI tools? To gain a deeper insight
into the content of tweets related to generative AI, we em-
ploy log-odds ratio and topic modeling. These methods en-
able us to uncover varied perspectives and focal points that
are indicative of distinct cultural and linguistic influences
within these tweet contents.
RQ3: How do people interact with chatbots? With a spe-
cific focus on ChatGPT, a prominent chatbot, we analyze
the snapshots of interactions shared online. We employ topic
modeling and open coding to reveal the nuanced disparities
in user behaviors and intentions that are unique to each lin-
guistic community when engaging with ChatGPT.

By answering these RQs, we made the following findings:

• Globally, there is a positive trend toward Image tools and
a negative trend toward Chat tools. These perceptions in
the language community varied; en and fr communi-
ties, representing users tweeting in English and French
respectively, displayed a higher sentiment as opposed to
the lower sentiment exhibited by ja, zh, and ru. (Sec-
tion 4)

• A ban on ChatGPT in Italy and its prevalent usage have
emerged as common topics worldwide in tweets. Addi-
tionally, in each language community, we frequently ob-
served discussions concerning NFTs and cryptocurren-
cies unique to the community. (Section 5)

• Through open coding, we developed a novel taxonomy,
which clarifies the varied usage patterns of chatbots. For
example, while the zh community predominantly em-
ploys chatbots as search alternatives, the it community
tends to pose more complex prompts. (Section 6)

This is the first comprehensive study to explore both user
perspectives and user interactions with regard to generative
AI across diverse linguistic communities. Our findings un-
ravel the linguistic nuances in the acceptance and utiliza-
tion of generative AI. Additionally, these insights can guide
developers, policymakers, and educators in tailoring their
strategies and initiatives to better align with specific cultural
and linguistic communities.

2 Related Work
The public perception of AI has been the subject of exten-
sive investigation, explored from various perspectives (Kies-
lich, Lünich, and Marcinkowski 2021). The Pew Research
Center has observed that many Americans harbor concerns
concerning the integration of AI into their daily lives, par-
ticularly regarding issues related to employment and pri-
vacy (Rainie et al. 2022). Nevertheless, differential percep-
tion depending on the application of AI was noted (Funk,
Tyson, and Kenndy 2023). For instance, AI’s use in chemical
elucidation is generally perceived as progressive, while its
application in news writing is not seen as significantly pro-
gressive. Zhang et al. conducted comprehensive interviews
with Americans, revealing that the majority favored AI pro-
gression rather than against it (Zhang and Dafoe 2020). In-
terview surveys to gauge people’s perceptions of AI have
been conducted across a diverse range of individuals and at-
tributes, not limited to the U.S. These surveys span regions
such as UK (Cave, Coughlan, and Dihal 2019), India (Kapa-

nia et al. 2022), and Australia (Yigitcanlar et al. 2023). Apart
from these survey-based studies, there have also been studies
that attempt to understand perceptions toward AI from nar-
rative stories (Burgess et al. 2022; Musa Giuliano 2020) and
news articles (Nguyen and Hekman 2022; Karanouh 2023).

Social media, with its capacity to provide real-time and
extensive data, has proven to be a valuable tool for tracking
dynamic trends and gauging public sentiments, as evidenced
by its application in studying societal responses to tech-
nologies like IoT (Bian et al. 2016), self-driving cars (Kohl
et al. 2018) and AI (Manikonda and Kambhampati 2018).
Similarly, discussions surrounding generative AI have been
abundant on these platforms (Roose 2022), prompting re-
searchers to utilize social media as a means of compre-
hending public perceptions regarding generative AI (Haque
et al. 2022; Qi et al. 2023; Rochadiani 2023; Korkmaz,
Aktürk, and TALAN 2023; Taecharungroj 2023). For in-
stance, Leiter et al. analyzed over 300,000 tweets and con-
cluded that the hashtag “#ChatGPT” predominantly garners
positive feedback, characterized by joyful and favorable sen-
timents (Leiter et al. 2023). Miyazaki et al. discovered
that among various occupational groups, only illustrators
showed negative sentiments toward generative AI, upon ex-
amining the relationship between perceptions and occupa-
tion groups (Miyazaki et al. 2024). Haensch et al.’s analy-
sis of 100 ChatGPT-related TikTok videos revealed that a
significant portion of these were tasks such as essay writ-
ing or coding (Haensch et al. 2023). However, a limitation
of the current body of literature is its predominant focus on
English-language posts. The diverse perceptions expressed
across multiple languages and services regarding generative
AI remain largely unexplored.

3 Dataset
Target of Generative AI Tools
To generalize our research, we investigate various types of
generative AI. Drawing from the enthusiasm observed on
Twitter and insights derived from a prior study (Miyazaki
et al. 2024), we selected specific generative AI categorized
based on their functionalities: conversational (Chat), image
generation (Image), code completion (Code), and founda-
tional models (Model). These generative AI tools are listed
in Table 1. (Since they encompass both models and services
of generative AI, we call them “generative AI tools.”)

Collecting of Generative AI Tweet
Tweet retrieval. We utilized the Twitter Academic API to
extract tweets related to generative AI tools from June 11,
2020 (GPT-3’s release), to May 2, 2023. We designed a
comprehensive set of search keywords (details in Appendix
B). In total, we retrieved a total of 9,216,383 tweets,
exclusive of retweets.
Noise removal. To bolster the reliability of our subsequent
analysis, we employed a three-step noise removal process on
the collected tweets. In particular, we removed tweets that
meet these criteria: 1) tweets where the author’s name or
mentioned usernames include the name of the generative AI
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Category Name Release Num (Orig.) Num (Fin.)

Chat
ChatGPT 11/30/2022 5,981,521 4,376,767 (73.1%)
Bing Chat 02/22/2023 43,571 25,871 (59.4%)
Perplexity AI 12/07/2022 5,959 5,249 (88.1%)

Image

DALL·E 07/20/2022 500,248 410,862 (82.1%)
Stable Diffusion 01/05/2021 867,695 572,160 (66.0%)
Midjourney 08/22/2022 1,308,289 898,784 (68.7%)
Craiyon 04/21/2022 167,590 84,797 (50.6%)
DreamStudio 08/20/2022 19,260 15,202 (78.9%)

Code Github Copilot 10/29/2021 90,110 50,063 (55.6%)

Model
GPT-3 06/11/2020 498,373 371,047 (74.5%)
GPT-3.5 11/30/2022 39,140 25,204 (64.4%)
GPT-4 03/14/2023 682,752 452,793 (66.3%)

Table 1: Targeted generative AI tools. Num (Orig.) indicates
the initial tweet count, and Num (Fin.) indicates the remain-
ing count after preprocessing and language identification,
with the percentage of remaining tweets after data filtering
shown in parentheses.

tool; 2) tweets discussing a generative AI tool before its re-
lease date; and 3) tweets originating from bot-like accounts
(further elaborated in Appendix C).
Language identification. Our primary objective is to dis-
cern disparities in perceptions and usage patterns of gener-
ative AI among diverse language communities. To this end,
we categorized the noise-filtered tweets according to their
respective languages. While most tweets inherently possess
language tags, for those lacking explicit language tags, we
employed lingua-py to determine the language of the text.
Our analysis is primarily focused on the 14 languages that
appear most frequently within our collected tweets, remov-
ing tweets not written in these target languages. The 14 lan-
guages are as follows: English (en), Japanese (ja), Spanish
(es), French (fr), Portuguese (pt), Chinese (zh), German
(de), Turkish (tr), Indonesian (id), Arabic (ar), Italian
(it), Russian (ru), Korean (ko), and Dutch (nl). In to-
tal, we obtained 6,864,568 tweets and identified 2,312,271
unique users in our dataset.

Tweet Data Observations
To gauge the level of enthusiasm for generative AI tools
across various languages, we introduce the “Interest Inten-
sity (IntI)” index. The index is derived from the average
daily tweet volume for each language, aggregated over a
three-month period in 2022 using Twitter sample stream data
in InternetArchive. A higher IntI value indicates a more ac-
tive discussion of generative AI tools. The index is calcu-
lated as follows:

Interest Intensity on target lang (IntI) =(
Number of tweets about generative AI tools in target lang

daily average tweets in target lang

)
(

Number of tweets about generative AI tools in en
daily average tweets in en

) (1)

Specifically, it reflects whether the proportion of tweets
about these tools relative to daily tweets is greater or lesser
than that in en.

Table 2 provides the number of tweets and the IntI for
each language. Notably, the en exhibits a higher IntI com-
pared to most languages, indicating more active discussions

Language Number of tweets Number of users IntI

English (en) 4,053,410 (72.7%) 1,339,272 1.00
Japanese (ja) 1,463,957 (78.9%) 408,310 0.46
Spanish (es) 390,154 (77.1%) 164,720 0.41
French (fr) 249,855 (75.4%) 111,624 1.08

Portuguese (pt) 195,044 (83.6%) 113,650 0.23
Chinese (zh) 134,715 (66.4%) 44,217 1.67
German (de) 94,101 (78.4%) 40,349 0.94
Turkish (tr) 57,611 (87.7%) 32,061 0.17

Indonesian (id) 51,079 (65.6%) 33,105 1.12
Arabic (ar) 47,474 (82.1%) 22,637 0.14
Italian (it) 41,622 (69.9%) 22,453 0.41

Russian (ru) 29,006 (80.3%) 12,969 0.47
Korean (ko) 28,490 (61.6%) 10,302 0.07
Dutch (nl) 28,050 (90.7%) 15,625 0.56

Table 2: Tweet volume and interest intensity by language
for tweets related to generative AI tools. The “Number of
Tweets” column represents the total number of tweets about
generative AI tools in each language, with the percentage of
remaining tweets after data filtering shown in parentheses.

regarding generative AI tools within this community. How-
ever, fr, id, and zh have IntI values surpassing that of
en. Specifically, discussions about generative AI tools in zh
occur at a frequency approximately 1.67 times greater than
those in en. The high level of interest in generative AI tools
within the zh community is particularly notable, reflecting a
strong engagement with emerging technologies Conversely,
in languages such as ja and es, where there is a substantial
Twitter user base, the level of discussion is roughly 0.4 times
that of en.

4 RQ1: How Do the Sentiments Toward
Generative AI Vary Across Different

Languages?
We examine the temporal evolution of sentiments toward
generative AI tools among various linguistic communities,
highlighting differences in trends and shifts within these
communities.

Sentiment Classification Model
Despite the advancements in multilingual models (Guo
et al. 2020; Scao et al. 2022; Barbieri, Espinosa Anke,
and Camacho-Collados 2022), the task of conducting senti-
ment analysis across 14 languages using a unified model, as
pursued in this section, remains challenging. Consequently,
we employed distinct monolingual sentiment classification
models for the analysis of tweets in each language. In our
model selection process, we gave preference to publicly
available models that have been trained on widely-used so-
cial media datasets such as SemEval-17 (Rosenthal, Farra,
and Nakov 2017). In cases wherein such models were un-
available, we selected prevalent models specific to the re-
spective language. Additional details on the selected models
for each language, along with their validation results, can be
found in Appendix F.

These selected models evaluate each tweet, generating
scores for both positive and negative sentiment classes. To

1264



Se
nt

im
en

t S
co

re

-1.0

0.0

-0.5

0.5

1.0

2022/10 2022/12 2023/02 2023/04

en ja es fr it

Chat
Image
Model/Code

-1.0

0.0

-0.5

0.5

1.0

2022/10 2022/12 2023/02 2023/04
-1.0

0.0

-0.5

0.5

1.0

2022/10 2022/12 2023/02 2023/04
-1.0

0.0

-0.5

0.5

1.0

2022/10 2022/12 2023/02 2023/04
-1.0

0.0

-0.5

0.5

1.0

2022/10 2022/12 2023/02 2023/04

Figure 1: Time series of sentiment scores for five languages: en, ja, es, fr, and it from October 2022 to May 2, 2023.
The x-axis represents time, and the y-axis represents the sentiment score. The sentiment scores for generative AI tools are
displayed as follows: the blue line represents Chat tool, orange represents Image tool, and green represents Model/Code tool.
The solid gray line indicates the daily sentiment score, while the gray dotted lines represent the 75th and 25th percentiles of
daily sentiment scores calculated from random tweets. The vertical red dotted line marks the date when Italy banned access to
ChatGPT. We focus on the period from October 2022 onward due to the low volume of tweets and instability in sentiment data
prior to this period, which made it difficult to visualize reliable trends across some languages.

derive a single sentiment score for each tweet, the softmax
function is applied to convert the two scores into probabili-
ties and then calculate the “sentiment score” by subtracting
the negative probability from the positive probability. This
score falls within the range of -1 to 1, with higher values
indicating a more positive sentiment.

Given that the sentiment scores are generated using dif-
ferent models for each language, direct comparisons of sen-
timent scores across languages can introduce bias due to dif-
ferences in model architectures and training datasets. To ad-
dress this, our analysis focuses on how the sentiment scores
about generative AI tools deviate from the daily sentiment
in each language community, rather than comparing abso-
lute sentiment scores across languages. To achieve this, we
contrast the sentiment scores of tweets about generative AI
tools with those of daily tweets in the same language. For
this comparison, we randomly selected 50,000 tweets per
language from the Twitter sample stream data in 2022 (In-
ternetArchive) and calculated the daily average sentiment
score. By comparing the sentiment scores for generative AI
related tweets with these baseline daily sentiment scores, we
aim to clarify whether perceptions of generative AI tools are
more positive or negative compared to daily tweets within
each language.

Results and Findings
Table 3 provides the sentiment scores by language and cat-
egory. A notable observation is that en and fr are the only
languages in which the sentiment scores surpass the daily
sentiment scores across all categories. This outcome may re-
flect greater familiarity with and acceptance of generative AI
tools in these linguistic communities. In the case of en, this
could be due to the fact that many generative AI tools origi-
nate in the U.S. And, France is one of the more cautious Eu-
ropean countries in regulating generative AI (Kayali 2023),
indicating that the positive sentiments might indicate public
support for the technology or effective communication about
AI developments. Conversely, ja, zh, and ru consistently
score below the daily scores, signifying a more circumspect
stance toward the emergence of generative AI tools in these
linguistic communities. This may be due to cultural factors

Language Chat Image Model/Code Daily

en ↑ 0.175 ↑ 0.334 ↑ 0.292 0.116
ja ↓ 0.064 ↓ 0.149 ↓ 0.101 0.263
es ↓ −0.349 ↑ −0.110 ↑ −0.215 −0.277
fr ↑ 0.130 ↑ 0.280 ↑ 0.326 0.051
pt ↓ −0.297 ↑ −0.143 ↓ −0.247 −0.174
zh ↓ −0.095 ↓ −0.088 ↓ −0.131 0.026
de ↓ −0.118 ↑ 0.070 ↓ −0.064 -0.029
tr ↓ 0.166 ↑ 0.455 ↑ 0.375 0.222
id ↓ −0.374 ↑ 0.170 ↓ −0.250 0.123
ar ↓ 0.127 ↑ 0.371 ↑ 0.287 0.286
it ↓ −0.599 ↑ 0.206 ↑ 0.311 −0.047
ru ↓ −0.040 ↓ 0.140 ↓ −0.045 0.379
ko ↓ 0.199 ↑ 0.352 ↑ 0.305 0.279
nl ↓ 0.117 ↑ 0.771 ↑ 0.551 0.531

Table 3: Sentiment score toward each category. The up and
down arrows indicate whether the score is above or below
the daily sentiment score for each language.

influencing public perception.
Another global trend is that, across the three categories,

Chat tends to yield the lowest sentiment score, except in
zh and ru, while Image consistently garners the highest
sentiment score, except in it and fr. In the Chat cate-
gory, only en and fr exhibit sentiment scores higher than
the daily scores, which aligns with the increased discussion
surrounding regulation after the global proliferation of chat-
based generative AI. This indicates a contrasting sentiment
between chat tools and image tools.

Several hypotheses may explain this contrast. First, dif-
ferences in the user groups interested in each tool may play
a role. Despite image tools appearing earlier than chat tools,
we observed fewer tweets about image tools compared to
chat tools (see Section 3). This suggests that image tools
were primarily discussed by users with a strong interest
in technology or early adopters, who may have been more
enthusiastic and positive due to their novelty and creative
possibilities. In contrast, chat tools like ChatGPT gained
widespread mainstream attention, leading to a rapid increase
in related tweets from not only tech enthusiasts but also the
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general public. This broader exposure included users who
might feel anxious about job security and ethical implica-
tions, possibly revealing negative sentiments. Secondly, dif-
ferences in functionalities may contribute to the contrasting
sentiments. Image tools are often used for creative expres-
sion and recreation, leading to enjoyment and personal sat-
isfaction, which may foster positive sentiments. Conversely,
chat tools are frequently used in professional settings for
task management, customer service, and other work-related
activities. The functionality of chat tools may cause peo-
ple to consider the possibility of job displacement. Indeed,
prominent words in the negative sentiment toward chat tools
include “destroy” and “dangerous,” which are not commonly
seen with other tools, suggesting fears of disruption to exist-
ing norms and concerns over potential negative impacts on
society (refer to Appendix G.)

Figure 1 illustrates the time series of sentiment scores for
five languages: en, ja, es, fr, and it. Of these, ja con-
sistently displays a stable sentiment. This stability can be
attributed to Japan’s relatively fewer regulations or policies,
which allow for regular discussions on the features and var-
ious aspects of generative AI tools, with minimal influence
from external events. For it, the sentiment score for Chat
tools has consistently hovered around -0.5 since their re-
lease. This particular release has notably influenced to the
perception of other generative AI tools, resulting in a fur-
ther decline in sentiment scores for Model/Code and Image.
One significant event is the sentiment drop on March 29, af-
fecting multiple languages, especially those in Europe, coin-
ciding with Italy’s ban on ChatGPT (McCallum 2023). Re-
markably, the sentiment scores for Chat, Image, and Mod-
el/Code all experienced a simultaneous decline, underscor-
ing the significant impact of this event. These insights un-
derscore the importance of early sentiment assessment for
emerging tools across different languages, providing critical
perspectives for tool providers aiming to refine their promo-
tional strategies.

5 RQ2: How Do Linguistic Communities
Differ in the Content About Generative AI

Tools?
Gaining an understanding of how people reference gen-
erative AI tools, the expressions they use, and the topics
they touch upon provides valuable insights into its global
perception. To explore these aspects, we employ two dis-
tinct methodologies: odds ratio analysis and topic modeling.
Odds ratio analysis facilitates the quantitative measurement
of the frequency of specific terms, shedding light on the
common words employed when discussing this technology.
Simultaneously, topic modeling facilitates the exploration of
the underlying topics and prevalent themes within discus-
sions about generative AI tools.

Odds Ratio Analysis
Methodology: To reveal the dynamics of word signifi-
cance across three distinct time intervals, we performed an
odds ratio analysis employing logistic regression. We seg-
mented our dataset based on ChatGPT’s release, a pivotal

event that considerably influenced the popularity of genera-
tive AI tools. The data were categorized into three distinct
periods: before the emergence of ChatGPT (06/11/2020 −
11/29/2022; Period 1), the early period after the emergence
of ChatGPT (11/30/2022 − 2/14/2023; Period 2), and the
late period after the emergence of ChatGPT (02/15/2023−
05/2/2023; Period 3). We then transformed each word into a
count vector and employed a multinomial logistic regression
model to calculate the odds ratio of each word by exponen-
tiating the model’s coefficients (Sperandei 2014).

Results and Findings: Figure 2 presents the top 10 words
for six language communities ranked by their odds ratios
(see Figure 15 in the Appendix for a complete list). In Pe-
riod 1, we observed significant mentions of “replicate,” an
experimentation platform for generative AI, and “invite,” re-
flecting early restricted access to DALL·E and Midjourney.
There is evident active usage of pre-prompted notebooks
such as “deforumdiffusion,” “waifudiffusion,” and “novel-
aidiffusion,” suggesting substantial user engagement in im-
age generation. Additionally, words associated with core
generative AI technologies such as “deeplearning,” “nlp,”
and “machinelearning” exhibit high odds ratios, signify-
ing a pronounced focus on fundamental technologies dur-
ing this period. In Period 2, words related to ChatGPT such
as “chatgptgod” and “gptchat” are frequently observed. In-
terestingly, the word “buzzfeed” exhibits high odds ratios
across multiple languages, owing to their plans with Chat-
GPT (Bruell 2023). Furthermore, discussions on generative
AI often coincide with debates on NFTs and cryptocurren-
cies, as indicated by terms such as “erc,” “isaac,” “nftart,”
“penpenz,” and “sloki.” Period 3 features mentions of “con-
troller,” “plugins,” and “autogpt,” indicating a creative en-
gagement with ChatGPT prompts. The emergence of new
services and models such as “llama,” “lora,” adobe “firefly,”
and “chillout” is also notable. Remarkably, words related to
“italy” are prevalent in all languages except ja and ko, un-
derlining the significant impact of the ban on ChatGPT. As
demonstrated above, a common trend is discerned to some
extent globally. Words appearing across multiple languages
accounted for 39.8% of the top 10 words in Period 1, but
60.7% of those in Period 3, suggesting that discussions about
generative AI tools are gradually becoming language inde-
pendent and global.

Language-specific patterns are also evident. The ja com-
munity spotlight local AI services including “memeplex,”
“clip studio paint,” and “nijijourney,” demonstrating do-
mestic tech growth. The es community in Period 1 ex-
hibits a growing interest in an online image generation event
called “promptber,” along with the appearance of the term
“artistic,” indicating an active engagement in image gener-
ation. Conversely, the appearance of terms such as “threat”
presents an intriguing aspect. In the it community, discus-
sions revolve around “vpn” and the General Data Protec-
tion Regulation (“gdpr”), likely triggered by the ChatGPT
ban, illustrating heightened awareness of regulatory impacts.
These observations underscore the nuanced interactions and
unique reactions of different linguistic communities within
the evolving landscape of generative AI.
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Figure 2: Top 10 words more likely to be used by odds ratio, except generative AI tool’ names and seasonal words, in six
languages. Red indicates words that appear in multiple languages and blue indicates words unique to a specific language.

Topic Modeling
Methodology: To uncover prevalent discussions both glob-
ally and unique to specific language communities about gen-
erative AI tools, we employed a topic model. Applying a
singular topic model to our dataset enables the identifica-
tion of common discussions across different languages. For
this purpose, we translated all tweets into English by using
Google Translate. For tweets originally in English, a back-
translation through Spanish is conducted to ensure consis-
tency (Klotz, Swider, and Kwon 2023). Despite the ongoing
debate about utilizing translation for multilingual content
analysis (Thompson and Dooley 2019; Balahur and Turchi
2012; Araújo, Pereira, and Benevenuto 2020), several stud-
ies affirm that combining topic models with machine trans-
lation effectively captures the main themes of text (Maier
et al. 2022; Lind et al. 2022).

Topic modeling encompasses a diverse range of meth-
ods, including probabilistic models like Latent Dirich-
let Allocation (LDA) (Chauhan and Shah 2021), neural-
based topic models (Grootendorst 2022b), graph-based ap-
proaches (Yang et al. 2020), and others. Each of these meth-
ods has its strengths and applications depending on the na-
ture of the dataset and the goals of the analysis. In our study,
we opted for BERTopic (Grootendorst 2022b), a neural topic
modeling approach that leverages embeddings and cluster-
ing algorithms. BERTopic is well-suited for our dataset,
which consists of short texts like tweets, as it excels at cap-
turing semantic relationships and producing coherent topics
from brief inputs (Ebeling et al. 2022). Unlike traditional
models like LDA, which treat words as independent enti-
ties, BERTopic embeds words in a high-dimensional space,
allowing for more nuanced and contextually aware topic ex-
traction. Moreover, given that all tweets in our dataset were
translated into English, using a model like BERTopic, which
captures semantic similarities through embeddings, was crit-
ical. The translation process can lead to subtle changes in
word choice or phrasing, but BERTopic mitigates these chal-
lenges by focusing on the underlying meaning rather than
surface-level word frequencies. This made BERTopic the
optimal choice for identifying key topics and patterns across

language communities with greater accuracy.1
Results and Findings: Upon applying BERTopic to all
translated tweets, 54.1% are categorized as outliers, with the
remaining tweets classified under 4,420 distinct topics. Ta-
ble 4a presents the keywords for the top five topics per lan-
guage. Given the large number of topics, each topic com-
prises less than 1% of the tweets in each language.

Several topics appear consistently across multiple lan-
guages. Notably, discussions on the integration of search
engines and generative AI (Topic 1), regulations related to
ChatGPT in Italy (Topic 8), and expressions of admiration
for ChatGPT and GPT-4 (Topics 0, 11) were prominent.
These topics emerged organically from our exploratory anal-
ysis, reflecting global events and user interests.

Our analysis also revealed unique discussions specific to
particular language communities. For example, we observed
connections between generative AI and local events (Topic
113 in fr, Topic 141 in zh, Topic 603 in tr, Topic 1228
in ar, Topic 603 in zh, Topic 95 in ru, and Topic 284 in
ko.) These localized discussions often reflect cultural or re-
gional concerns about generative AI. Moreover, topics re-
lated to NFTs and cryptocurrencies appeared prominently
across several language communities. However, there were
variations in the specific currencies and NFTs discussed,
leading to unique language-specific topics (Topics 432 and
438 in zh, Topic 340 in id, Topic 508 in de.) In the ja
community, Topic 46, which includes terms such as “kun”
and “chan” (equivalent to Mr. and Ms.), emerges from the
practice of appending honorific titles to these tools, such
as ChatGPT-kun, showing how these tools are integrated
into everyday discourse in Japan. The zh and ar commu-
nities in the Orient feature a majority of top topics specific

1One could also consider using a multilingual pre-training
model instead of relying on translation. When applying BERTopic
with a multilingual pre-training model, it was observed that most
topics with the highest frequency were specific to each language,
and no common topics emerged across different languages. A com-
parison of the results of translating multilingual text into English
and applying BERTopic (English BERTopic) with the results of ap-
plying multilingual BERTopic is shown in the Appendix H.
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en

0: chatgpt, chatgptcool, doolally

ja

46: kun, chan, atsuto

es

1: bing, search, edge

fr

28: midjourney, midjourneydiscord, lifesuck
2: marketcap, zsp, zenithswap 1: bing, search, edge 18: chatgptbugbbbcnews, what, about 113: french, cnil, macron
1: bing, search, edge 31: excel, vba, spreadsheet 175: industrial, azure, offer 19: midjourney, v5, hirasawa
9: exceeds, limit, character 16: recipe, ingredients, cooking 8: italy, privacy, ban 1: bing, search, edge
3: dalle, generation, waifulabs 54: nijijourney, touhou, aiar 202: repeatedly, requests, waiting 8: italy, privacy, ban

pt

6: chatgpt, please, professional

zh

50: chatgpt, summary, channel

de

11: gpt4, thank, user

tr

11: gpt4, thank, user
1: bing, search, edge 1: bing, search, edge 508: nft, read2n, mins 8: italy, privacy, ban
8: italy, privacy, ban 141: mainland, chinese, gao 1: bing, search, edge 603: turkish, republic, kurdish
7: chatgpt, work, home 432: airdrop, usdc, pump 4: tweet, threads, timeline 110: exam, pass, studying
56: music, lyric, song 438: bounght, coin, fired 8: italy, privacy, ban 1: bing, search, edge

id

11: gpt4, thank, user

ar

673: activation, vpn, whatsapp

it

11: gpt4, thank, user

ru

0: chatgpt, chatgptcool, doolally
305: cryptovoxels, chatgpt, gpt3 11: gpt4, thank, user 477: guarantor, privacy, italy 1772: networkpainting, neural, telegram
14: gpt3, smiled, looked 894: activate, password, whatsapp 20: photo, image, visualgpt 95: ukraine, russia, putin
340: galxeoat, brg, uler 8: italy, privacy, ban 181: unfortunately, yeah, alright 8: italy, privacy, ban
51: craiyon, disappoint, formerly 1228: arabic, calligraphy, harami 86: benchmark, hallucinate, gpt35 4: tweet, threads, timeline

ko

692: laughing, humor, dalza

nl

11: gpt4, thank, user
284: korea, takeshima, declare 33: teacher, classroom, education
1: bing, search, edge 8: italy, privacy, ban
24: search, engine, google 4: tweet, threads, timeline
60: translate, deeply, google 1: bing, search, edge

a. Topics on tweet contents

en

0: answer, short, english

ja

2: translate, japanese, sentence

es

9: load, span, mobile

fr

3: tweet, buzz, funny
3: tweet, buzz, funny 5: tell, profile, who 77: chile, peru, president 1: chatgpt, gpt4, chat
7: poet, rhyme, write 4: game, play, board 0: answer, short, english 16: joke, humor, women
1: chatgpt, gpt4, chat 1: chatgpt, gpt4, chat 11: intelligence, ai, human 125: france, pension, retirement
16: joke, humor, women 6: medical, patient, treatment 1: chatgpt, gpt4, chat 11: intelligence, ai, human

pt

62: president, brazil, election

zh

105: chinese, zhou, qing

de

3: tweet, buzz, funny

tr

222: ataturk, turkey, ottoman
0: answer, short, english 44: card, alipay, wechat 19: students, teachers, education 376: turkeys, jealous, turkishness
181: football, gerais, brazil 130: baidu, weibo, suspend 1: chatgpt, gpt4, chat 603: turkish, republic, kurdish
16: joke, humor, women 221: xi, jinping, dictator 253: austria, chancellor, german 555: fenerbahe, football, champion
230: portuguese, brazilian, accent 45: price, nasdaq, stock 73: authoritarian, cannabis, prohibition 265: earthquake, disaster, seismic

id

283: indonesia, jakarta, malaysia

ar

290: arabic, abdullah, bin

it

150: italy, disabled, guarantor

ru

79: ukraina, russia, war
1: chatgpt, gpt4, chat 6: medical, patient, treatment 477: italy, privacy, blocked 16: joke, humor, women
6: medical, patient, treatment 203: openai, available, country 0: answer, short, english 3: tweet, buzz, funny
14: image, photo, camera 11: intelligence, ai, human 807: resume, connect, pleased 4: game, play, board
548: islam, shahada, muslim 64: occasionally, quantum, limitations 429: denied, access, site 1131: mongolian, kyrgyzstan, atadan

ko

167: korea, north, president

nl

18: vaccine, virus, covid19
347: korea, heungbujeon, hangul 3: tweet, buzz, funny
4: game, play, board 1: chatgpt, gpt4, chat
417: kim, lee, hwan 7: poet, rhyme, write
6: medical, patient, treatment 13: gender, lgbt, sexual

b. Topics on prompts

Table 4: Keywords for the top five topics and topic number in terms of number of tweets in each language by BERTopic. Red
indicates topics that appear across multiple languages, and blue indicates topics specific to that language that do not appear in
the top 50 topics of other languages.

to their communities, indicating distinct discussions com-
pared to others. Particularly noteworthy is the ar commu-
nity’s high-ranking topics (673 and 894), which highlight a
trend in selling GPT accounts via social platforms, a phe-
nomenon that is less prevalent in other language communi-
ties.

Our analysis reveals both universally relevant topics and
those specific to particular languages or cultures, enhancing
our understanding of generative AI discourse within diverse
linguistic contexts. 2 Furthermore, it is important to note that
the prominence of ChatGPT-related topics is largely a re-
flection of the high volume of tweets about ChatGPT across
various language communities.

2For a more detailed analysis of the relationships between top-
ics within each language community, please refer to Appendix I,
where we explore the topic networks and interconnections specific
to each linguistic group.

6 RQ3: How Do People Interact With
Chatbots?

The emergence of chatbots has garnered significant atten-
tion, leading to their increasing adoption and utilization in
our daily lives. In addressing this RQ, we aimed to elucid-
tate how chatbots, with a primary focus on ChatGPT, are be-
ing utilized by a diverse population from various linguistic
backgrounds. To this end, we clarify the distinctions among
language communities from two perspectives: by examining
the topic of prompts using the topic model and by analyzing
the utilization of chatbots using open coding.

Extraction Interactions From Images
Numerous users share screenshots of their ChatGPT inter-
actions on Twitter, serving as a valuable resource for under-
standing its usage (Roose 2022). Since most users do not in-
clude their prompts or responses in the tweet text, extracting
text from screenshots is essential to capture the full scope
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No. Category Name Description Num (Pct.)

1 Search Utilizing chatbots to retrieve
specific information akin to
web search

2,335 (35.6%)

2 Questions or Requests
Reflecting the Re-
sponder’s Preferences

Engaging chatbots to obtain
personalized or subjective re-
sponses

1,727 (26.4%)

3 Support for Business
or Creative Tasks

Leveraging chatbots to provide
support in business or creative
tasks

1,440 (22.0%)

4 Dialogue Engaging in conversational in-
teractions with chatbots

414 (6.3%)

5 Humor, Wit, Riddles Engaging with chatbots for
amusement, humor, or intellec-
tual challenge

319 (4.9%)

6 Other Various other interactions or in-
quiries that do not fall under the
above categories

318 (4.9%)

Table 5: Taxonomy of main categories for chatbot usage.

of user interactions. This method is both cost-effective and
scalable compared to alternatives like surveys or interviews.

We employ a two-step approach to analyze these re-
sources as text data: 1) Rule-based classification of Chat-
GPT screenshots from images, and 2) Conversion of the ex-
tracted images into text, including prompts and responses,
using Optical Character Recognition. Through these steps,
we successfully retrieved a total of 507,714 interactions with
ChatGPT, referred to as the “Interaction dataset.” For a con-
sistent analysis, these interactions were translated into En-
glish.

Topic Modeling
Topic modeling serves as an effective tool for understand-
ing the prompts employed by each language community. As
discussed in Section 5, we applied BERTopic to the prompts
of all interactions, resulting in 53.9% of them being catego-
rized as outliers, with the remaining interactions classified
under 1,518 topics. Table 4 shows the keywords for the top
five topics per language. There are recurrent topics across
multiple languages that revolve around prompts for search
and generation; searching for chatbot usage (Topic 1), games
(Topic 4), and medical information (Topic 6); generating
tweets (Topic 3), poetry (Topic 7), and jokes (Topic 16).
Language-specific observations reveal prominent language-
specific prompts related to political topics (Topic 77 in es,
Topic 125 in fr, Topic 62 in pt, Topic 221 in zh, Topic
603 in tr, Topic 290 in ar, and Topic 167 in ko) and re-
lated to sports topics (Topic 181 in pt and Topic 555 in tr)
in the major country of the language community. Especially,
the zh and tr communities use unique prompts related to
social issues in these communities not found in other lan-
guages, accentuating the distinctiveness of these communi-
ties. In the it community, as in the other results, the influ-
ence of the ChatGPT ban was evident in popular prompts.

Classification Based on Open Coding
We sought to understand the content of interactions through
topic modeling, however, the specific purposes for which
chatbots are utilized remains an open issue. This open is-
sue motivates us to formulate a detailed taxonomy using the
open coding technique (Glaser, Strauss, and Strutzel 1968).

Open coding, a fundamental step in qualitative research, en-
tails the process of categorizing raw data into distinct codes
(categories). This method has previously been applied to de-
rive categories from online data, such as sexism (Samory
et al. 2021), hate speech (Salminen et al. 2018), and anxiety
about COVID-19 (Chen et al. 2023). We aim to establish a
taxonomy for chatbot usage by employing open coding, an-
notate a subset of the data, and then employ machine learn-
ing to automate the classification.

Building Codebook Guided by open coding princi-
ples (Glaser, Strauss, and Strutzel 1968; Corbin and Strauss
1990), we initiated the categorization process using ran-
domly selected samples from the Interaction dataset. The
first author categorized the samples until reaching a satu-
ration point, where no new categories were emerging. This
saturation point was achieved after processing 300 sam-
ples, a number deemed reasonable based on previous stud-
ies (Maxwell et al. 2020; Chen et al. 2023). Throughout this
process, we refined and expanded categories, and merged
certain subcategories into larger ones to enhance clarity and
coherence. Ultimately, the first author organized chatbot us-
age into main categories and subcategories. Each sample
was consistently assigned to a main category and, where ap-
plicable, a subcategory, which was devised to group sam-
ples frequently found within the main category. The devised
categories and associated samples underwent review by the
other authors, and through discussions, we built a codebook.

Taxonomy and Annotation We identified six main cate-
gories and 13 subcategories of chatbot usage. Then, to anno-
tate these categories based on the constructed taxonomy, we
randomly selected 500 samples for each language. After fil-
tering out noise, a total of 6,553 samples were independently
annotated by five annotators. The inter-annotator agreement
was assessed in 500 samples using Cohen’s Kappa coeffi-
cient, resulting in values of 0.842 for the main categories and
0.712 for all categories, including the subcategories. This
high level of agreement instills confidence in the annotated
dataset, which we refer to as the “Chatbot usage dataset.”
Descriptions of the main categories and their label distribu-
tions are shown in Table 5. 3

Classification Model To achieve automatic categorization
of abundant interactions, we constructed classification mod-
els of main categories from interactions in the Chatbot us-
age dataset. We developed four different models and eval-
uated their accuracy: TF-IDF + Logistic Regression (LR),
GPT-3 (DaVinci variant (Brown et al. 2020),) BERT (Ken-
ton and Toutanova 2019) (pre-trained model of (huggingface
2018),) and DeBERTa (He et al. 2020) (pre-trained model of
(microsoft 2021).) The dataset was partitioned into training,
validation, and testing sets in a 7:1:2 ratio, respectively.

3Observations and results for the subcategories are presented in
the Appendices K, M, and O. However, because of limited accu-
racy in all category classifications, the analyses and discussions in
this paper exclusively focus on the main categories. The dataset is
publicly available in https://github.com/hkefka385/ICWSM2025
Perspective GenerativeAI.
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TF-IDF + LR GPT-3 BERT DeBERTa
Variable P R F1 P R F1 P R F1 P R F1

1 Search 0.65 0.53 0.58 0.74 0.67 0.70 0.71 0.82 0.76 0.78 0.74 0.76
2 Preference 0.47 0.50 0.49 0.60 0.65 0.62 0.65 0.54 0.60 0.69 0.73 0.71

3 Support 0.60 0.71 0.65 0.65 0.65 0.62 0.81 0.69 0.74 0.79 0.74 0.76
4 Dialogue 0.59 0.65 0.62 0.65 0.84 0.73 0.42 0.46 0.44 0.69 0.62 0.65

5 Humor 0.61 0.72 0.66 0.45 0.35 0.39 0.38 0.45 0.41 0.62 0.75 0.68
6 Other 0.42 0.51 0.39 0.57 0.45 0.51 0.51 0.57 0.54 0.38 0.49 0.42

Macro Avg 0.56 0.60 0.57 0.60 0.54 0.56 0.58 0.59 0.58 0.66 0.68 0.66
Weighted Avg 0.59 0.58 0.58 0.65 0.65 0.64 0.67 0.66 0.66 0.72 0.73 0.72

Table 6: Main category classification performance; This reports P: precision, R: recall, F1-score of positive class on the utiliza-
tion for each category and Macro and Weighted Avg for all samples.
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Figure 3: Temporal evolution of chatbot usage across differ-
ent categories. The vertical red line indicates the release date
of GPT-4. The x-axis represents time, and the y-axis repre-
sents number or ratio of interactions in each category.

Table 6 presents the results of the classification in the
main category of chatbot usage. The performances of the
GPT-3 and BERT models exhibit high F1 scores exceeding
0.60 in categories with a substantial number of samples (1:
Search, 2: Preference, and 3: Support); however, they show
low F1 scores in categories with relatively fewer samples.
The TF-IDF + LR model consistently achieves F1 scores
around 0.60, regardless of the sample size within categories,
although its overall accuracy falls short compared to the
other models. The DeBERTa model emerges as the most bal-
anced, offering commendable F1 scores even in small sam-
ple sizes (4: Dialogue and 5: Humor.) Consequently, we se-
lected the DeBERTa model for subsequent analysis.

Analysis on the Evolution of Chatbot Usage We apply
the aforementioned DeBERTa model to all samples in the
Interaction dataset for the classification of the main cate-
gory, aiming to understand the transition in chatbot usage
over time. In Figure 3 (a), which shows the number of all
interactions, a significant peak was observed just after the
release of ChatGPT, followed by a gradual slowdown, but
the number of interactions started to grow again after Jan-

uary 2023. The initial surge in tweets can be attributed to
the early adopters who first took notice of the service. Al-
though there was a subsequent decline, the trend reversed as
the service gained global traction, leading to an increase in
tweets related to chatbot usage. Figure 3 (b), showing the ra-
tio of each category, indicates that the ratio does not deviate
significantly from the ratio of the annotated data. A compar-
ison between December 2022 (immediately after ChatGPT’s
release) and April 2023 shows an increase in Category 4 (Di-
alogue), which points toward a growing engagement in more
conversational interactions over time.

Looking at different language communities, we found
unique usage patterns for chatbots. For example, Figure 3 (c)
shows that the it community has more interactions in Cat-
egories 3 (Support) and 5 (Humor) compared to other lan-
guage communities. This pattern suggests that the it com-
munity uses ChatGPT for assistance with tasks or problem-
solving (3 Support) and for entertainment or playful ex-
changes (5 Humor), not just for straightforward informa-
tion retrieval tasks (1 Search.) When juxtaposed with RQ1
findings, there is a noticeable relationship between higher
engagement in “Support” and “Humor” interactions and
less favorable sentiment toward chatbots, possibly stemming
from not meeting expectations in these tasks. The zh com-
munity, by contrast, evidenced a steady increase in Cate-
gory 1 (Search) as per Figure 3 (d). This community shows
a stronger growing trend in using ChatGPT for straightfor-
ward information retrieval, indicating its widespread use as
a search tool.

7 Limitations and Future Work
Discrepancy between social media perceptions and ac-
tual usage: Social media serves as a valuable medium for
assessing societal reactions and perceptions toward genera-
tive AI. While the data reflect certain aspects of these us-
ages, they may not provide a complete picture of real-world
usage, especially in the case of chatbot usages as investi-
gated in RQ3. In other words, the interactions shown on
social media may represent only a fraction of actual usage
scenarios. However, social media enables large-scale inves-
tigations that might be infeasible through traditional survey
methods. Our work, leveraging data from over 500,000 in-
teractions, provides a foundational understanding and a cat-
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egorization of chatbot usage, laying the groundwork for fu-
ture explorations. Despite its limitations in capturing the full
extent of reality, social media remains a valuable data source
for preliminary research.
Keyword exhaustiveness: Using English-centric tool
names or Wikipedia as a source for keyword selection, while
practical, may overlook the given names of generative AI
tools in a particular language. The challenge of keyword ex-
haustiveness underscores the importance of a well-thought-
out strategy for keyword selection to achieve a comprehen-
sive analysis.
Coverage and bias of generative AI tools: Our research,
conducted in May 2023, focuses on generative AI tools that
had been discussed on social media up to that point. In our
analysis, likely, some generative AI tools were not covered,
and the notable excitement surrounding ChatGPT may have
also resulted in a biased analysis outcome toward chatbots.
Although our study aimed to understand the differences in
perceptions across language communities concerning gen-
erative AI tools, a more granular analysis, grouping posts
by specific services and analyzing topics, could offer a more
nuanced understanding of the public perceptions and usages
of generative AI. Additionally, as newer generative AI mod-
els such as LLaMA, Bard, and Gemini have emerged and
gained popularity after May, 2023, it will be essential for fu-
ture studies to include these tools. This will ensure that anal-
yses remain up-to-date and reflective of the evolving land-
scape of AI technologies.
Representation limitations of linguistic communities:
One of the inherent challenges in analyzing social media
data across multiple languages is the varying levels of repre-
sentation among linguistic communities. In some cases, the
number of tweets analyzed represents only a small subset of
the broader language community, and the insights gathered
may not fully represent the entire user base of those lan-
guage communities. This raises the question of whether the
findings truly reflect the opinions and behaviors of the entire
linguistic community. Additionally, even within dominant
languages like English and Japanese, certain demograph-
ics, such as specific age groups or regional users, may be
overrepresented or underrepresented, introducing potential
biases. These limitations are inherent in many social media
studies, where the user base may not fully reflect the broader
population. While our study aims to provide insights into
the perceptions of generative AI tools on Twitter, highlight-
ing both language-specific phenomena and globally com-
mon trends, it is important to recognize these representa-
tional limitations for interpreting the broader applicability
and scope of our findings.

8 Conclusions
Through our exploration of user perceptions and interactions
with generative AI tools across diverse linguistic communi-
ties, we uncovered both shared global patterns and unique
usages and themes specific to each community. These find-
ings not only contribute to academic discussions on human-
AI interaction but also offer a comprehensive understand-
ing of how these innovative tools are received and utilized
within various cultural and linguistic contexts. Moreover,

our analysis sheds light on the diverse dynamics of social
engagement with generative AI tools, particularly in how
different communities employ them for distinct purposes.
For instance, Chinese users primarily use chatbots as search
engines, whereas Italian users tend to engage with chatbots
for creative writing or problem-solving. These differences
highlight the significant role that cultural and social contexts
play in shaping user expectations and interactions with AI.
Our insights provide valuable guidance for shaping strate-
gies and initiatives that are tailored to the specific cultural
and linguistic nuances of each community, ultimately pro-
moting a more inclusive and effective deployment of gener-
ative AI technologies.
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Araújo, M.; Pereira, A.; and Benevenuto, F. 2020. A
comparative study of machine translation for multilingual
sentence-level sentiment analysis. Information Sciences,
512: 1078–1102.
Balahur, A.; and Turchi, M. 2012. Multilingual sentiment
analysis using machine translation? In Proceedings of the
3rd workshop in computational approaches to subjectivity
and sentiment analysis, 52–60.
Barbieri, F.; Espinosa Anke, L.; and Camacho-Collados, J.
2022. XLM-T: Multilingual Language Models in Twitter
for Sentiment Analysis and Beyond. In Proceedings of the
Thirteenth Language Resources and Evaluation Conference,
258–266.
Bian, J.; Yoshigoe, K.; Hicks, A.; Yuan, J.; He, Z.; Xie, M.;
Guo, Y.; Prosperi, M.; Salloum, R.; and Modave, F. 2016.
Mining Twitter to assess the public perception of the “Inter-
net of Things”. PloS one, 11(7): e0158450.
Bird, S.; and Loper, E. 2004. NLTK: The Natural Language
Toolkit. In Proceedings of the ACL Interactive Poster and
Demonstration Sessions, 214–217. Barcelona, Spain: Asso-
ciation for Computational Linguistics.
blanchefort. 2021. rubert-base-cased-sentiment-
rusentiment. https://huggingface.co/blanchefort/rubert-
base-cased-sentiment-rusentiment. Accessed on April 25,
2024.
Bordt, S.; and von Luxburg, U. 2023. Chatgpt participates in
a computer science exam. arXiv preprint arXiv:2303.09461.

1271



Brower, T. 2023. People Fear Being Replaced By AI
And ChatGPT: 3 Ways To Lead Well Amidst Anxiety —
Forbes. https://www.forbes.com/sites/tracybrower/2023/03/
05/people-fear-being-replaced-by-ai-and-chatgpt-3-ways-
to-lead-well-amidst-anxiety. Accessed on April 25, 2024.
Brown, T.; Mann, B.; Ryder, N.; Subbiah, M.; Kaplan, J. D.;
Dhariwal, P.; Neelakantan, A.; Shyam, P.; Sastry, G.; Askell,
A.; et al. 2020. Language models are few-shot learners. Ad-
vances in neural information processing systems, 33: 1877–
1901.
Bruell, A. 2023. BuzzFeed to Use ChatGPT Creator Ope-
nAI to Help Create Quizzes and Other Content — The Wall
Street Journal. https://www.wsj.com/articles/buzzfeed-
to-use-chatgpt-creator-openai-to-help-create-some-of-its-
content-11674752660. Accessed on April 25, 2024.
Brynjolfsson, E.; Li, D.; and Raymond, L. R. 2023. Gen-
erative AI at work. Technical report, National Bureau of
Economic Research.
Burgess, P.; et al. 2022. The Rule of Law, Science Fiction,
and Fears of Artificial Intelligence. Law, Technology and
Humans, 4(2): 124–136.
CAMeL-Lab. 2021. bert-base-arabic-camelbert-da-
sentiment. https://huggingface.co/CAMeL-Lab/bert-base-
arabic-camelbert-da-sentiment. Accessed on April 25,
2024.
Campello, R. J.; Moulavi, D.; and Sander, J. 2013. Density-
based clustering based on hierarchical density estimates. In
Pacific-Asia conference on knowledge discovery and data
mining, 160–172. Springer.
Cao, S. 2023. OpenAI CEO Sam Altman Visits
Japan As Its Government Embraces ChatGPT — Ob-
server. https://observer.com/2023/04/openai-sam-altman-
chatgpt-japan/. Accessed on April 25, 2024.
cardiffnlp. 2023. xlm-v-base-tweet-sentiment-pt.
https://huggingface.co/cardiffnlp/xlm-v-base-tweet-
sentiment-pt. Accessed on April 25, 2024.
Cath, C.; Wachter, S.; Mittelstadt, B.; Taddeo, M.; and
Floridi, L. 2018. Artificial intelligence and the ‘good so-
ciety’: the US, EU, and UK approach. Science and engi-
neering ethics, 24: 505–528.
Cave, S.; Coughlan, K.; and Dihal, K. 2019. ” Scary Robots”
Examining Public Responses to AI. In Proceedings of the
2019 AAAI/ACM Conference on AI, Ethics, and Society,
331–337.
Chauhan, U.; and Shah, A. 2021. Topic modeling using la-
tent Dirichlet allocation: A survey. ACM Computing Surveys
(CSUR), 54(7): 1–35.
Chen, L. L.; Wilson, S. R.; Lohmann, S.; and Negraia, D. V.
2023. What Are You Anxious About? Examining Subjects
of Anxiety during the COVID-19 Pandemic. In Proceed-
ings of the International AAAI Conference on Web and So-
cial Media, volume 17, 137–148.
Cloud, G. 2024. Detect text in images. https://cloud.google.
com/vision/docs/ocr. Accessed on April 25, 2024.
Commission, P. I. P. 2023. Alerts regarding the use of gen-
erated AI services. https://www8.cao.go.jp/cstp/ai/ai team/
6kai/shiryouchuuikanki.pdf. Accessed on April 25, 2024.

Corbin, J. M.; and Strauss, A. 1990. Grounded theory re-
search: Procedures, canons, and evaluative criteria. Qualita-
tive sociology, 13(1): 3–21.
Davidson, H. 2023. ’Political propaganda’: China clamps
down on access to ChatGPT — The Guardian. https:
//www.theguardian.com/technology/2023/feb/23/china-
chatgpt-clamp-down-propaganda. Accessed on April 25,
2024.
Djeffal, C.; Siewert, M. B.; and Wurster, S. 2022. Role of the
state and responsibility in governing artificial intelligence: A
comparative analysis of AI strategies. Journal of European
Public Policy, 29(11): 1799–1821.
DTAI-KULeuven. 2022. robbert-v2-dutch-sentiment.
https://huggingface.co/DTAI-KULeuven/robbert-v2-dutch-
sentiment. Accessed on April 25, 2024.
Ebeling, R.; et al. 2022. Analysis of the influence of political
polarization in the vaccination stance: the Brazilian COVID-
19 scenario. In ICWSM.
Fatima, S.; Desouza, K. C.; and Dawson, G. S. 2020.
National strategic artificial intelligence plans: A multi-
dimensional analysis. Economic Analysis and Policy, 67:
178–194.
Fatima, S.; Desouza, K. C.; Denford, J. S.; and Dawson,
G. S. 2021. What explains governments interest in artifi-
cial intelligence? A signaling theory approach. Economic
analysis and policy, 71: 238–254.
Finlayson-Brown, J.; and Ng, S. 2023. China brings
into force Regulations on the Administration of Deep
Synthesis of Internet Technology — Allen & Overy.
https://www.allenovery.com/en-gb/global/blogs/data-
hub/china-brings-into-force-regulations-on-the-
administration-of-deep-synthesis-of-internet-technology-
addressing-deepfakes-and-similar-technologies. Accessed
on April 25, 2024.
Funk, C.; Tyson, A.; and Kenndy, B. 2023. How
Americans view emerging uses of artificial intel-
ligence, including programs to generate text or art.
https://www.pewresearch.org/short-reads/2023/02/22/how-
americans-view-emerging-uses-of-artificial-intelligence-
including-programs-to-generate-text-or-art/. Accessed on
April 25, 2024.
Gabashvili, I. 2023. ChatGPT in Dermatology: A Compre-
hensive Systematic Review. medRxiv, 2023–06.
Gianni, R.; Lehtinen, S.; and Nieminen, M. 2022. Gover-
nance of responsible AI: From ethical guidelines to cooper-
ative policies. Frontiers in Computer Science, 4: 873437.
Glaser, B. G.; Strauss, A. L.; and Strutzel, E. 1968. The
discovery of grounded theory; strategies for qualitative re-
search. Nursing research, 17(4): 364.
Government, U. 2023. A pro-innovation approach to
AI regulation. https://assets.publishing.service.gov.uk/
government/uploads/system/uploads/attachment data/file/
1176103/a-pro-innovation-approach-to-ai-regulation-
amended-web-ready.pdf. Accessed on April 25, 2024.
Grootendorst, M. 2022a. BERTopic Library. https://github.
com/MaartenGr/BERTopic. Accessed on September 10,
2024.

1272



Grootendorst, M. 2022b. BERTopic: Neural topic modeling
with a class-based TF-IDF procedure. arXiv preprint.
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A Global Policy Landscape on Generative AI
In the rapidly evolving landscape of generative AI, nations
worldwide are adapting and implementing policies to en-
sure the technology’s responsible development and deploy-
ment (Hutson 2023; Liz O’sullivan 2022; Hacker, Engel, and
Mauer 2023; Cath et al. 2018; Djeffal, Siewert, and Wurster
2022; Fatima, Desouza, and Dawson 2020).

In the U.S., Executive Order 13960 from 2021, titled
“Promoting the Use of Trustworthy AI in the Federal Gov-
ernment,” was issued to enhance public trust in the AI appli-
cations of federal agencies (of the President 2020). In Oc-
tober 2022, further emphasizing its commitment to AI de-
velopment, the White House Office of Science and Technol-
ogy Policy (OSTP) released the “Blueprint for an AI Bill
of Rights,” outlining five key principles for AI utilization
to address various challenges associated with the technol-
ogy (House 2022). In 2023, with the growing recognition
of the risks associated with generative AI, the National In-
stitute of Standards and Technology (NIST), an agency un-
der the U.S. Department of Commerce, released the Ar-
tificial Intelligence Risk Management Framework 1.0 (AI
RMF) in January. This framework serves as a voluntary,
non-sector-specific, use-case-agnostic guide for technology
companies (Tabassi 2023). Highlighting the concerns sur-
rounding AI’s inherent risks, the White House, in collab-
oration with OSTP, formulated a strategy in May 2023 to
ensure fairness and transparency in AI technology deploy-
ment (House 2023; of Science and Policy 2023). With gov-
ernment agencies regulating as well as influential figures
such as Elon Musk calling for a halt to AI development due
to the risks to society of AI (Metz and Schmidt 2023), the
U.S. has become the center of the generative AI debate.

In the UK, the government published a white paper ex-
pressing its supportive stance toward AI innovation (Gov-
ernment 2023). This document underscores the importance
of adapting existing frameworks to incorporate AI consid-
erations while avoiding overly restrictive regulations that
could hinder innovation. Conversely, Italy took a different
approach by temporarily banning the use of ChatGPT at the
end of March, citing the need for measures to protect per-
sonal data (McCallum 2023). In parallel, the adoption of an
“AI Act” was adopted on March 13, 2024 in the European
Union (EU) region, against a background of the proliferation
of generative AI (Parliament 2023). This act categorizes AI
applications based on their risk levels, aiming to mitigate
potential hazards and prohibit high-risk uses, including real-
time biometric surveillance in public areas.

China has proactively taken steps to regulate genera-
tive AI, introducing regulations in November 2022 to en-
sure the security of providers of deep synthesis technol-
ogy (Finlayson-Brown and Ng 2023). Additionally, the gov-
ernment has enforced a ban on access to chatbot-based ser-
vices such as ChatGPT because of concerns about the safety
of content generated by chatbots (Davidson 2023). In Au-
gust 2023, the Cyberspace Administration of China (CAC)
issued administrative measures aimed at monitoring and
controlling generated content and safeguarding personal in-
formation (Kharpal 2023). In contrast, Japan lacks clear reg-
ulations or policies for generative AI and relies primarily on

Figure 4: List of search keywords of generative AI tools

guidelines and warnings (Commission 2023).
Policies regarding generative AI differ across nations and

cultural contexts (Fatima et al. 2021). When formulating AI
regulations, it is crucial to tailor policies to the distinct po-
litical and economic landscapes of individual cultures rather
than seeking a one-size-fits-all global standard (Nitzberg and
Zysman 2022; Gianni, Lehtinen, and Nieminen 2022).

B Search Keywords for Generative AI Tools

We aimed to gather a comprehensive collecting of tweets
related to generative AI tools utilizing the Twitter Academic
API. In alignment with Twitter’s search conventions, we em-
ployed case-insensitive search terms and explored multiple
variations, drawing inspiration from (Miyazaki et al. 2024).
Furthermore, recognizing that tool names may vary across
languages, we cross-referenced the Wikipedia page for each
service in every language. From these pages, we extracted
the tool name found in the title and incorporated it into our
search keywords. A comprehensive listing of our search key-
words is presented in Figure 4. To ensure that disparities in
the representation of tool names across various languages do
not introduce biases into our analysis results, we systemat-
ically substituted all tool names in the tweets with their ac-
curate and standardized names, as provided in the first col-
umn of Figure 4. We publish the collected Tweet IDs using
the Twitter Academic API at https://github.com/hkefka385/
ICWSM2025 Perspective GenerativeAI.
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C Details of Noise Removal and
Preprocessing

Noise removal. To enhance the accuracy and reliability of
our subsequent analysis, we implemented a three-step noise
removal process on the collected tweets. Specifically, we
removed tweets that met the following criteria: 1) tweets
where the author’s name or mentioned usernames include
the name of the generative AI tool; 2) tweets discussing a
generative AI tool before its release date; and 3) tweets orig-
inating from bot-like accounts. The first noise removal step
involved eliminating tweets where the tool name appeared
in the author’s username or in mentions, as these were often
promotional or irrelevant content, rather than genuine user
discussions. The second step filtered out tweets posted be-
fore the official release of a generative AI tool. Tweets made
before the release date may contain speculation, rumors, or
unrelated references, which could introduce noise and com-
promise the accuracy of our analysis. Additionally, the re-
lease timeline for different tools varies: some are announced
and released simultaneously, while others are announced in
advance. By excluding tweets made before each tool’s re-
lease date, we ensured consistency in the data, allowing for
a fair comparison between different tools. For the third step,
which aimed to identify and eliminate bot-like accounts, we
employed Botometer (Yang, Ferrara, and Menczer 2022), a
widely recognized tool for bot detection. Botometer assigns
a bot score on a scale from 0 to 1 to Twitter accounts. To
ensure a robust analysis and minimize the influence of ac-
tive bots, we scrutinized users who had posted more than
10 tweets, amounting to 218,949 users in total. We assessed
whether these users exhibited bot-like behavior by applying
a threshold of 0.43, following a relatively conservative set-
ting, as described (Rauchfleisch and Kaiser 2020). This pro-
cess led to the identification of 38,349 (17.5%) users as bots,
and we subsequently removed a total of 1,848,744 tweets as-
sociated with these bot accounts.
Preprocessing. For the retrieved tweet content, we be-
gan by tokenizing, lower-casing, and removing non-word
characters, as well as each language stopwords based on
NLTK (Bird and Loper 2004). We also removed mentions
of other users, URLs, and the hashtag sign. The tool names
were replaced with their proper names (see the second col-
umn of Table 1), in order to ensure that differences in the
notation of tool names in the languages did not affect the
analysis results.

D Time Series of Tweets About Generative
AI Tools

Figure 5 presents a time series of tweets for each AI tool.
While the topic of generative AI tools saw modest activity in
2020 and 2021, the release of DALL·E 2 in April 2022 acti-
vated discussions around image generation services, includ-
ing Craiyon and Midjourney. Notably, the release of Chat-
GPT garnered significant public attention: tweets mention-
ing ChatGPT ranged from 10,000 to 100,000, a striking con-
trast to the previous peak of 10,000 daily tweets for other
tools.

2020-05 2020-09 2021-01 2021-05 2021-09 2022-01 2022-05 2022-09 2023-01 2023-05

100
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Figure 5: Time series of tweets about generative AI tools
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a. Time series of tweets about ar, de, en, es, fr, in, and it.

b. Time series of tweets about ja, ko, nl, pt, ru, tr, and zh.

Figure 6: Time series of tweets for each language.
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Figure 7: Complementary Cumulative Distribution Func-
tions (CCDF) for User Statistics for each language. Each
color represents a user of each language. (a) The number of
followees, (b) The number of followers, (c) The number of
tweets, (d) Account age (years).

Figure 6 presents a time series of tweets for each lan-
guage. Most languages experienced an increase in tweet vol-
ume following the release of DALL·E 2, signaling a height-
ened interest in image generation tools. In the case of ja,
the release of Midjourney spurred a pronounced surge in
tweet activity, reflecting a strong engagement with this spe-
cific tool. en shows that tweet activity maintained a steady
baseline of approximately 100 tweets per day even prior to
the release of DALL·E 2 This suggests that discussions on
generative AI tools were already active in the linguistic area
before the wider interest grew.

E User Statistics for Each Language
Figure 7 illustrates the distributions of various user charac-
teristics, such as the number of followees, followers, tweets,
and account ages, across different language communities.
At the number of followers, within the ar community, ap-
proximately 2% of users discussing generative AI tools have
over 100,000 followers. This is in stark contrast to the ja
community, where only approximately 0.2% of users reach
similar follower counts. This significant disparity suggests
a more influencer-centric discourse within the ar commu-
nity, as opposed to the ja community where generative AI
topics are more widely discussed among users with smaller
follower bases. Additionally, the zh community shows a
unique trend in account ages, with over 40% of users hav-
ing created their accounts subsequent to the advent of gen-
erative AI, which means an account age of less than three
years. This percentage is high compared to other language
communities.

Table 7: List of sentiment models

Language Model Accuracy

en cardiffnlp/twitter-roberta-base-sentiment (cardiffnlp 2020) 0.78
ja jarvisx17/japanese-sentiment-analysis (jarvisx17 2022) 0.88
es cardiffnlp/xlm-v-base-tweet-sentiment-es (cardiffnlp 2023) 0.68
fr cardiffnlp/xlm-roberta-base-tweet-sentiment-fr (cardiffnlp 2023) 0.72
pt cardiffnlp/xlm-v-base-tweet-sentiment-pt (cardiffnlp 2023) 0.80
zh SnowNLP (isnowfy 2013) 0.88
de cardiffnlp/xlm-v-base-tweet-sentiment-de (cardiffnlp 2023) 0.72
tr savasy/bert-base-turkish-sentiment-cased (savasy 2020) 0.84
id w11wo/indonesian-roberta-base-sentiment-classifier (w11wo 2021) 0.74
ar CAMeL-Lab/bert-base-arabic-camelbert-da-sentiment (CAMeL-Lab 2021) 0.78
it osiria/bert-tweet-italian-uncased-sentiment (osiria 2023) 0.84
ru blanchefort/rubert-base-cased-sentiment-rusentiment (blanchefort 2021) 0.66
ko matthewburke/korean sentiment (matthewburke 2022) 0.84
nl DTAI-KULeuven/robbert-v2-dutch-sentiment (DTAI-KULeuven 2022) 0.86

F List of Sentiment Classification Models
Table 7 presents the list of sentiment classification models
employed for tweets in each language. These models clas-
sify tweets into either two categories (Positive and Nega-
tive) or three categories (Positive, Negative, and Neutral). To
evaluate their performance, we manually assessed the clas-
sification of 50 tweets in each language from our collected
dataset. We found that the accuracy of all models ranged
from 0.66 to 0.88, which we deemed adequate for analyzing
the vast number of tweets in this study.

G Analysis of Prominent Words in Sentiment
Classification

To gain insight into the nature of the sentiment toward gen-
erative AI tools, we extended our analysis to identify promi-
nent words for both positive and negative sentiment tweets.
Specifically, tweets were categorized into the top 20% for
positive sentiment and the bottom 20% for negative senti-
ment, using language-specific sentiment classification mod-
els. Common stop words and tool names were excluded, and
the odds ratio for each word was calculated within these
groups to highlight its prominence.

Figure 10 illustrates the top 10 words for different lan-
guage communities ranked by their odds ratios. Across all
languages, words expressing surprise or amazement were
prominently associated with positive sentiment, such as “in-
teresting,” “excellent,” and “impressive.” These words in-
dicate that users are often impressed by the generative AI
tools, either when trying them out or reflecting on their func-
tionality. These words reflect a sense of fascination and pos-
itive reactions toward the innovative capabilities of the tools.
Conversely, words associated with negative sentiment of-
ten focused on concerns about the accuracy and reliability
of the tools’ outputs. For instance, words like “fake” and
“false” indicate worries about the authenticity or correctness
of the outputs, while words such as “horrible” and “danger”
point toward anxiety regarding the potential future impacts
or risks of these technologies. These negative sentiments re-
flect a cautious or skeptical attitude, particularly regarding
the trustworthiness of AI-generated content.

An interesting case is observed in the zh community.
Unlike other languages, where emotional words dominate
both positive and negative sentiment groups, more techni-
cal words such as “domain,” “search engine,” and “knowl-
edge base” emerge in the Chinese context. This suggests that
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Figure 8: Time series of sentiment score in nine languages: pt, zh, de, tr, id, ar, ru, ko, and nl from October 2022 to May
2, 2023. The x-axis represents time, and the y-axis represents the sentiment score. The sentiment scores for generative AI tools
are displayed as follows: the blue line represents Chat tool, orange represents Image tool, and green represents Model/Code
tool. The solid gray line indicates the daily sentiment score, while the gray dotted lines represent the 75th and 25th percentiles
of daily sentiment scores calculated from random tweets. The vertical red dotted line marks the date on which Italy banned
access to ChatGPT.

Figure 9: Heatmaps representing the top 100 topic dis-
tribution of (a) English BERToopic and (b) Multilingual
BERTopic across 14 languages. Each column corresponds
to a different topic, while each row represents a language.
The color intensity indicates the ratio of each topic within
each language.

users in this community may focus more on the mechanics
and utility of generative AI rather than purely emotional re-
actions. It points to a more pragmatic view, where users are
interested in how these tools can be applied within specific
domains of expertise or as knowledge resources.

Additionally, by focusing on the four languages with
the highest number of tweets (en, ja, es, and fr), Fig-
ure 11 shows the prominent words associated with positive
and negative sentiments for each tool category (Chat, Im-
age, Model/Code.) In the positive sentiment group for Chat
tools, words expressing surprise and fascination, such as
“fantastic” and “interesting,” were common. Conversely, for
Image tools, positive sentiment tweets frequently included
words indicating affection and enjoyment, such as “love”
and “beautiful,” indicating that users feel aesthetic pleasure

Table 8: Coherence score and of two BERTopic models

English BERTopic Multilingual BERTopic

Coherence (Overall) 0.513 0.535

Diversity (Overall) 0.688 0.709
en 0.618 0.675
ja 0.648 0.884
es 0.698 0.791
fr 0.717 0.828
pt 0.857 0.843
zh 0.736 0.887
de 0.763 0.853
tr 0.784 0.904
id 0.800 0.854
ar 0.789 0.906
it 0.889 0.891
ru 0.810 0.879
ko 0.801 0.867
nl 0.867 0.896

and emotional satisfaction from the outputs of image gener-
ation tools. These differences highlight how the type of tool
influences the nature of positive emotional responses it elic-
its.

In contrast, negative sentiment tweets for Chat tools
prominently featured words like “destroy” and “danger,”
which are not commonly seen with other tools. These words
reflects fears of disruption to existing norms and concerns
over potential negative impacts on society, such as job dis-
placement or ethical issues related to AI usage. These find-
ings support the hypothesis of contrasting sentiment results
observed between Image and Chat tools, as discussed in Sec-
tion 4. Emotional reactions to each tool type appear to be
influenced by their functionalities and the perceived impact
on users’ lives.
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Figure 10: Top 10 words associated with positive and negative sentiment tweets toward generative AI tools across multiple
languages, except generative AI tool’ names.
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Figure 11: Top 10 words associated with positive and negative sentiment tweets for Chat, Image, and Model/Code tools across
four languages with the highest number of tweet (en, ja, es, and fr), excluding generative AI tool names.
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H Comparing English BERTopic and
Multilingual BERTopic

In analyzing multilingual content, we examine whether em-
ploying Multilingual BERTopic based on all-MiniLM-L6-
v2 (sentence transformers 2022) is more effective, or if
translating the content into English and applying Monolin-
gual BERTopic (English BERTopic) based on (Grootendorst
2022b) is preferable. The analysis is based on the dataset
detailed in Section 5.2. When applied to this dataset, En-
glish BERTopic identified 4,420 topics, while Multilingual
BERTopic yielded 4,501 topics, showing no significant dif-
ference in the number of topics generated.

Table 8 outlines Coherence and Topic Diversity scores
for both models. Coherence in a topic model reflects its
interpretability, where a higher coherence score denotes a
model’s enhanced capacity to generate consistent and mean-
ingful topics. In this aspect, Multilingual BERTopic outper-
formed its English BERTopic. And, Topic Diversity mea-
sures the variety and distinctness of the generated topics.
Multilingual BERTopic demonstrates superior topic diver-
sity across various languages, suggesting a more nuanced
and language-specific topic generation.

Figure 9 illustrates the distribution of topics assigned by
the two BERTopic models. The distribution of topics in En-
glish BERTopic tends to assign a greater variety of topics
than in Multilingual BERTopic. On the other hand, Multilin-
gual BERTopic exhibited a higher occurrence of language-
specific topics. Also, the higher similarity in topics between
es and pt implies that linguistic similarities significantly
influence topic generation. These observations indicate that
Multilingual BERTopic’s proficiency in creating detailed,
language-tailored topics.

Considering the goal of extracting common topics across
languages, we opted for English BERTopic in our analysis.

I Visualization of Topic Networks by Users
Who Posted Multiple Times

We aim to uncover the connections between topics by ana-
lyzing the behavior of users who engage with multiple top-
ics. This builds on the findings from RQ2, where we iden-
tified key topics within different linguistic communities and
observed common topics across multiple language commu-
nities. While RQ2 insights into the prominence of specific
topics, it did not fully explore how these topics are intercon-
nected through user activity. To address this gap, we specif-
ically focused on users who posted about more than one
topic. When a user posts with multiple topics about genera-
tive AI tools, we infer that there is a meaningful relationship
between those topics. For visualization of the relationship,
we present network of topics, where each topic is repre-
sented as a node and the edges between nodes indicate that
a user has posted about both topics. This visualization re-
veal how certain topics cluster together, suggesting broader
thematic relationships.

Figure 12 shows the visualization of major topics for
(a) all languages, (b) Spanish (es), (c) French (fr), and
(d) Japanese (ja). Although lower topic numbers in RQ2
corresponded to higher tweet counts, the focus on users

who posted multiple times about generative AI tools shows
that frequently discussed topics in this experimental set-
ting differ from the generally popular ones. For instance,
across all languages, topics like 141: AIfashion and 91:
Picture, related to image generation, are prevalent among
users who actively engage with these tools. Additionally,
these users show strong interest in programming language
(147: Python) and input methods for generative AI (72,154:
Prompt).

When examining individual languages, unique linguis-
tic trends emerge. In fr, the French national topic (113:
French, Macron) is closely linked to technical subjects
such as 1215: Huggingface, 49: Prompt, and 297: Power-
point, indicating that users involved in political discussions
also have a strong interest in technology. Similarly, in ja,
the network reveals connections between 101: nijijourney
(anime image generation) and programming-related topics
like 103: numpy and 78: learn, suggesting that users generat-
ing anime-style images are also experimenting with Python
programming. Interestingly, topic 236: cat highlights a dis-
tinct focus on cat image generation, which is notably specific
to the Japanese-speaking community.

J Details of Extraction Interactions From
Images

We analyzed screenshots of interactions with ChatGPT,
which many users voluntarily share on Twitter. The interac-
tion extraction consists of the following two steps: 1) Rule-
based classification of ChatGPT screenshots; and 2) Conver-
sion of the extracted images into text using optical character
recognition (OCR).
1) Rule-based classification of ChatGPT screenshots:
The design of ChatGPT interaction images typically incor-
porates a single background color that clearly distinguishes
the prompt and response sections, featuring two primary
themes: light mode and dark mode, as depicted in Figure 13.
This distinct design facilitates the application of rule-based
methods for image extraction. To identify an image as a
ChatGPT screenshot, we verified whether two out of the
top three RGB colors in the image fall within the RGB
range of the prompt and response sections. In light mode,
the subpixel RGB values for the prompt section should fall
within the range (R,G,B) ∈ [251, 255] × [251, 255] ×
[251, 255], while for the response section, they should be
within (R,G,B) ∈ [251, 255]× [251, 255]× [251, 255]. In
dark mode, the RGB values for the prompt section should be
in the range (R,G,B) ∈ [51, 54] × [51, 54] × [63, 66], and
for the response section, they should be within (R,G,B) ∈
[67, 71]× [67, 71]× [81, 85]. This straightforward approach
achieved an F1 score of 0.90 in testing on 200 randomly se-
lected and manually annotated images, demonstrating suffi-
cient accuracy for our analysis.
2) Conversion of the extracted images into text us-
ing OCR: We employed OCR with the Cloud Vision
API (Cloud 2024) to extract text from the prompts and Chat-
GPT responses identified in the screenshots. This API, pro-
vided by Google Cloud, supports multiple languages, mak-
ing it suitable for handling multilingual texts within the
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Figure 12: Network of topics linked by user activity across different languages. The size of each node represents the number
of topics that users who posted multiple topics have contributed to. The thickness of the edges between nodes indicates the
frequency with which each user posted about both the connected topics.
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a Light mode. b Dark mode.

Figure 13: Examples of ChatGPT images. The upper part is
the prompt section, and the bottom is the response section in
both images.

Table 9: Number of interactions in Interaction dataset. Pct.
indicates that the percentage of tweets about Chatgpt that are
related to interactions.

Language Number of interactions IntI Pct.

English (en) 207,116 1.00 8.52%
Japanese (ja) 135,405 0.83 13.97%
Spanish (es) 22,382 0.46 7.39%
French (fr) 13,325 1.12 8.08%

Portuguese (pt) 10,800 0.25 6.51%
Chinese (zh) 11,971 2.91 10.91%
German (de) 7,029 1.40 9.70%
Turkish (tr) 3,737 0.22 9.85%

Indonesian (id) 3,060 0.13 8.67%
Arabic (ar) 3,464 0.23 8.39%
Italian (it) 2,054 0.39 8.23%

Russian (ru) 1,783 0.57 9.62%
Korean (ko) 2,602 0.13 13.11%
Dutch (nl) 1,507 0.58 7.99%

scope of this study.
Through these steps, we successfully retrieved a total of

507,714 interactions with ChatGPT, called as “Interaction
dataset.” Table 9 shows the number of interactions and the
percentage of tweets about ChatGPT including interactions
among ChatGPT tweets in each language. The percentages
across many languages hover around 8%. However, for lan-
guages primarily spoken in East Asian countries, specifi-
cally zh, ja, and ko, the percentage exceeds 10%. This
suggests that there is a prevalent culture in these regions of
introducing and discussing how to use ChatGPT.

K Examples and Descriptions for Each
Category Based on the Taxonomy of

Chatbot Usage
We identified six main categories and 13 subcategories of
chatbot usage through open coding. Examples and detailed
descriptions are presented below. (A summary of these cat-
egories is presented in Table 10.)
1. Search: This category refers to the use of chatbots to re-
trieve specific information, similar to web search engines.
Chatbots excel at retrieving precise information and inter-
preting complex terms to provide accurate and reliable re-
sponses to user queries.
Example prompt: What are the five highest rated films pro-
duced by Netflix in 2020?

•1-1. Engineering & Coding: This subcategory, which is a
subcategory of the main Category 1, refers to code snippets
and descriptions related to engineering and coding areas. In-
quiries about code composition are common in this subcate-
gory.
Example prompt: Please provide an example description of
checking for the existence of the JSON request key ’email’
using Flask-pydantic.
•1-2. Political & Economic: This subcategory includes
prompts related to political and economic theories, events,
and policies.
Example prompt: What is the list of countries in Ukraine
that are funding the Institute of Biological Sciences?
•1-3. Science & Technology: This subcategory includes
prompts seeking explanations and information on a broad
range of scientific and technical concepts.
Example prompt: What is the relationship between popula-
tion variance and unbiased variance?
2. Questions or Requests Reflecting the Responder’s
Preferences: This main category refers to personalized or
subjective responses based on the user’s preferences or the
context provided. Unlike the “1. Search” main category, the
focus here is on generating responses that may not have a
definite answer, but are customized to the individual’s crite-
ria, preferences, or circumstances.
Example prompt: What’s a good place to have a romantic
dinner in Paris?
•2-1. Recommendation: This subcategory applies when us-
ing a chatbot as a recommendation model, suggesting books,
restaurants, movies, etc.
Example prompt: Based on my liking for historical fiction,
can you suggest a few books?
•2-2. Expert Insight: This subcategory requires the chatbot
to provide thoughtful answers to questions that don’t have a
clear solution based on domain expertise.
Example prompt: What are the best practices for reducing
memory leakage in Java?
•2-3. Request for Examples: Users often require examples
to better understand a concept or scenario. This subcategory
includes chatbots that provide illustrative examples, demon-
strations, or explanations to fulfill user requests.
Example prompt: Can you provide an example of a balanced
chemical equation?
•2-4. Seeking Advice: This subcategory pertains to seek-
ing advice, counsel, or personal perspectives on various sub-
jects.
Example prompt: If Coinable were to launch an L2 for
Ethereum what should they call it.
3. Support for Business or Creative Tasks: This main cat-
egory pertains to the use of chatbots to assist users with
various business or creative tasks, promote innovation, and
address problems. It demonstrates the valuable contribution
that chatbots can make to our work, hobbies, and other areas
of our lives.
•3-1. Business Support: This category covers the various
forms of business assistance that chatbots can offer. They
can aid in data analysis, summarizing data, conducting mar-
ket research, and providing insights on operational optimiza-
tion.
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Table 10: Taxonomy of main categories for chatbot usage.

Number Category Name Description Num (Pct.)

1 Search Utilizing chatbots to retrieve specific information akin to web search 2,335 (35.6%)
1-1 Engineering & Coding Seeking solutions, code snippets, or explanations related to engineer-

ing or coding
435 (6.6%)

1-2 Political & Economic Inquiring about political or economic theories, events, or policies 183 (2.7%)
1-3 Science & Technology Seeking explanations or information regarding science or technology 382 (5.8%)

2 Questions or Requests Reflecting
the Responder’s Preferences

Engaging chatbots to obtain personalized or subjective responses 1,727 (26.4%)

2-1 Recommendation Requesting suggestions based on preferences or criteria 170 (2.6%)
2-2 Expert Insight Seeking specialized knowledge or expert opinions 746 (11.4%)
2-3 Request for Examples Asking for specific examples, illustrations, or demonstrations 153 (2.3%)
2-4 Seeking Advice Soliciting guidance, counsel, or personal insights 258 (3.9%)

3 Support for Business or Creative
Tasks

Leveraging chatbots to provide support in business or creative tasks 1,440 (22.0%)

3-1 Business Support Obtaining assistance with business-related tasks, analysis, or deci-
sions

512 (7.8%)

3-2 Creative Support Seeking inspiration, feedback, or assistance in creative projects 643 (9.8%)

4 Dialogue Engaging in conversational interactions with chatbots 414 (6.3%)
4-1 Life Counseling Seeking advice on or discussing personal life situations 37 (0.6%)
4-2 Role-play Conversations Participating in imaginative or scenario-based dialogues 129 (2.0%)

5 Humor, Wit, Riddles Engaging with chatbots for amusement, humor, or intellectual chal-
lenge

319 (4.9%)

6 Other Various other interactions or inquiries that do not fall under the above
categories

318 (4.9%)

6-1 Inquiries about Chatbot’s System Asking about the technical or functional aspects of chatbot 132 (2.0%)
6-2 Inquiries about Chatbot’s Thinking Asking about the chatbot’s thinking 147 (2.2%)

Example prompt: Please summarize the text of this URL.
•3-2. Creative Support: This subcategory contains prompts
related to creative assistance. Generating lyrics and generat-
ing stories are common types of prompts in this subcategory.
Example prompt: Write a song about GG allin being a time-
traveling vampire lizard.
4. Dialogue: This main category includes prompts that chat-
bots are considered a conversation partners for conversation
rather than information search.
Example prompt: Hey! How are you?
•4-1. Life Counseling: This subcategory applies when con-
sulting a chatbot for stress, relationship or personal issues.
The chatbot acts as a non-judgmental sounding board for
confidential conversations.
Example prompt: How can I keep her company?
•4-2. Role-play Conversations: This category applies to
prompts for role-play conversations between users and chat-
bots. The user transforms the chatbot into an ideal interlocu-
tor by providing the chatbot with the settings of an ideal in-
terlocutor as a prompt.
Example prompt: You are HAL9000. Please answer my
questions as HAL9000 in the following prompts.
5. Humor, Wit, Riddles: This main category contains
prompts for generating humorous content, such as riddles
or jokes.
Example prompt: Describe the relationship between Italy
and France in the form of a joke.
6. Others: The main category includes various other inter-

actions or inquiries not belonging to other categories.

•6-1. Inquiries about Chatbot’s System: This subcategory
expects users to ask questions about the technical and func-
tional aspects of the chatbot, including its operations, limi-
tations, and developmental framework.

Example prompt: What kind of algorithms do you use to un-
derstand and respond to questions?

•6-2. Inquiries about Chatbot’s Thinking: This subcate-
gory includes prompts to understand chatbot’s own thinking.

Example prompt: When do you feel the most pleasure?

L Rater Credibility and Expertise

We identified six main categories and 13 subcate-
gories pertaining to chatbot usage. Using this taxonomy,
the authors formulated annotation guidelines, available
at https://github.com/hkefka385/ICWSM2025 Perspective
GenerativeAI. Subsequently, a set of 6,553 samples was an-
notated independently by five annotators. Of the five anno-
tators, two were authors of this paper who possess expertise
and research experience in social media analysis. The re-
maining annotators were Master’s and Doctor’s students in
data engineering who were trained by the authors prior to
completing the annotation task.
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Figure 14: Label distribution for the chatbot usage dataset

Table 11: Main category classification performance; This reports P: precision, R: recall, F1-score of positive class on the
utilization for each category and Macro and Weighted Avg for all samples.

TF-IDF + LR GPT-3 BERT DeBERTa
Variable P R F1 P R F1 P R F1 P R F1

1 Search 0.54 0.72 0.62 0.69 0.68 0.68 0.66 0.70 0.68 0.71 0.71 0.71
1-1 0.68 0.75 0.71 0.74 0.86 0.79 0.76 0.80 0.78 0.68 0.68 0.68
1-2 0.52 0.34 0.41 0.47 0.46 0.46 0.43 0.43 0.43 0.77 0.76 0.76
1-3 0.46 0.52 0.49 0.50 0.53 0.52 0.44 0.49 0.46 0.46 0.51 0.48

2 Preference 0.35 0.24 0.29 0.39 0.35 0.37 0.39 0.32 0.35 0.41 0.32 0.37
2-1 0.24 0.41 0.30 0.56 0.52 0.54 0.58 0.43 0.49 0.51 0.47 0.49
2-2 0.41 0.48 0.45 0.47 0.50 0.49 0.43 0.46 0.44 0.52 0.45 0.48
2-3 0.32 0.45 0.38 0.45 0.45 0.45 0.50 0.19 0.28 0.50 0.51 0.50
2-4 0.23 0.35 0.29 0.29 0.35 0.31 0.23 0.33 0.27 0.29 0.40 0.35

3 Support 0.30 0.31 0.30 0.24 0.27 0.26 0.45 0.44 0.45 0.49 0.47 0.48
3-1 0.45 0.50 0.47 0.54 0.63 0.58 0.44 0.62 0.51 0.62 0.57 0.60
3-2 0.58 0.58 0.58 0.70 0.72 0.71 0.73 0.73 0.73 0.75 0.77 0.76

4 Dialogue 0.45 0.50 0.47 0.36 0.34 0.35 0.33 0.34 0.33 0.38 0.33 0.35
4-1 0.20 0.14 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
4-2 0.20 0.30 0.25 0.32 0.19 0.24 0.38 0.29 0.32 0.42 0.23 0.33

5 Humor 0.51 0.59 0.55 0.55 0.44 0.49 0.47 0.42 0.44 0.68 0.63 0.66
6 Other 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

6-1 0.45 0.56 0.51 0.38 0.35 0.36 0.65 0.54 0.59 0.70 0.76 0.73
6-2 0.42 0.39 0.41 0.41 0.41 0.41 0.45 0.27 0.33 0.50 0.56 0.54

Macro Avg 0.38 0.43 0.39 0.42 0.42 0.42 0.46 0.43 0.44 0.49 0.48 0.48
Weighted Avg 0.49 0.51 0.50 0.53 0.54 0.53 0.54 0.54 0.54 0.57 0.56 0.56
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M Observations of the Distribution of Labels
in Chatbot Usage Dataset

Figure 14 illustrates the label distribution across different
languages within the Chatbot usage dataset. After annotat-
ing approximately 500 interaction data samples for each lan-
guage, distinct trends became evident among diverse lan-
guage communities. For instance, subcategory 1-1 (Code &
Engineering) displayed a higher proportion within the zh
language community. This suggests that a significant num-
ber of users within this community, possibly bypassing na-
tional regulations to use the platform, possess expertise in
engineering and technical fields. Subcategory 1-2 (Politics
& Economy) was notably prevalent in the tr language com-
munity, while such inquiries were scarcely observed within
the ja community. This distribution could mirror the con-
trasting levels of electoral engagement between Turkey and
Japan, which rank 29th and 158th, respectively, in global
voting rate rankings (IDEA 2016). The usage may reflect the
respective societal interests in political and economic mat-
ters. Analyzing the ratios between subcategories 3-1 and 3-2
provides insightful findings. Communities such as tr, id,
and nl exhibited a higher ratio for 3-1 (Business Support),
indicating a stronger inclination toward business-related in-
teractions. Conversely, communities such as ja, pt, it,
and ru displayed a higher ratio for 3-2 (Creative Support),
suggesting a tendency to use chatbots for creative endeav-
ors. Category 4 serves as an indicator of whether users per-
ceive chatbots as conversational partners. The data suggests
a pronounced tendency within the ja and pt communities
to engage with chatbots in a conversational manner. Con-
versely, es, de, and ko communities demonstrated a lower
count of tweets in this category, potentially reflecting a pref-
erence to use chatbots more for information retrieval than
as conversational partners. These observations provide a nu-
anced understanding of how diverse cultural and linguistic
backgrounds may influence user interactions with chatbots,
resulting in varied usage patterns across different thematic
categories.

N Implementation Details
In our topic modeling analysis, as discussed in Sections
5 and 6, we utilized the BERTopic method based on ver-
sion 0.15.0 of the Python framework (Grootendorst 2022a).
The framework’s default settings were used for most com-
ponents. The document embeddings were generated us-
ing the pre-trained SentenceTransformer model, specifi-
cally the “all-MiniLM-L6-v2” variant (sentence transform-
ers 2022). Since the model is pre-trained, no additional train-
ing epochs or fine-tuning of hyperparameters for the embed-
ding process was required. For dimensionality reduction, we
utilized Uniform Manifold Approximation and Projection
(UMAP) (McInnes, Healy, and Melville 2018). The UMAP
settings included a neighborhood size of 15, a projection
into 5 dimensions, and the use of a cosine similarity met-
ric. The clustering process was conducted using Hierarchi-
cal Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN), a robust density-based clustering al-
gorithm (Campello, Moulavi, and Sander 2013). We set the

minimum cluster size to 10, the minimum core sample size
to 3, and used the Euclidean distance metric as a similar-
ity metric. The combination of BERTopic’s default settings,
UMAP for dimensionality reduction and HDBSCAN for
clustering, allowed us to generate interpretable and mean-
ingful topic clusters from the text data, providing coherent
insights into the underlying themes.

For the chatbot usage classification task, we implemented
four distinct models as outlined in Section 6: TF-IDF + Lo-
gistic Regression, GPT-3, BERT, and DeBERTa.

TF-IDF + Logistic Regression We exploit the TF-IDF
feature extractor available in the sklearn library (Pedregosa
et al. 2011). This method computes term frequency-inverse
document frequency (TF-IDF) values from the extracted
text, which serve as input features for a logistic regression
model. We opted for the LBFGS solver, also provided by
sklearn, for the logistic regression implementation.

GPT-3 We leveraged the DaVinci variant of GPT-
3 (Brown et al. 2020), accessed via OpenAI’s API. For fine-
tuning, the chatbot’s usage text along with the correct labels
served as the prompt. The response generated by the fine-
tuned model was treated as the classification output, with
the first string of the generated text being used as output.

BERT We fine-tuned a pre-trained BERT model (hug-
gingface 2018) for 15 epochs. We set the batch size to 32
for the training set and 200 for the validation set. We set
the learning rate to 2 × 10−5, employing the Adam opti-
mizer (Kingma and Ba 2014) for weight adjustments.

DeBERTa DeBERTa enhances the BERT architecture by
differentiating between content and positional encodings
through specialized attention mechanisms. This modifica-
tion leads to notable improvements in task-specific perfor-
mances. We fine-tuned a pretrained DeBERTa model (mi-
crosoft 2021) for 15 epochs.

O Classification of All Categories
We conducted an experiment involving the classification of
all categories, encompassing both main categories and sub-
categories, resulting in a total of 19 categories. In this clas-
sification task, we treated main categories and subcategories
as distinct classes for model training. For example, main
Category 4 served as a class for all samples within main Cat-
egory 4 that did not correspond to subcategories 4-1 and 4-2.
We employed four models (TF-IDF + Logistic Regression,
GPT-3, BERT, and DeBERTa), as discussed in Section 6.3.3.

Table 11 presents the accuracy of the classification.
Across all models, the F1 score tended to improve with
an increase in the number of samples, while it diminished
with fewer samples (e.g., subcategory 4-1 or main category
6), demonstrating a proportional relationship with the sam-
ple count. Logistic Regression, while achieving higher ac-
curacy in classes with fewer samples compared to other
models (e.g., subcategory 4-1), exhibited lower overall ac-
curacy compared to deep learning-based models. Similar to
the classification task involving only main categories (as de-
scribed in Section 6.3.3), the DeBERTa model achieved the
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highest accuracy, although the margin of difference in ac-
curacy between DeBERTa and other models was not sub-
stantial. In this task, the F1 score for each model remained
around 0.5. For practical applications, measures such as in-
creasing the number of samples may be necessary to en-
hance performance.

P Classification of Chatbot Usage in
WildChat Dataset

In RQ3, we explored chatbot usage across different lin-
guistic communities based on screenshots posted on Twit-
ter. To complement this analysis, we applied the same chat-
bot usage classification to the publicly available WildChat
dataset, consisting of over 1 million user ChatGPT interac-
tion logs (Zhao et al. 2024). This dataset includes interac-
tions between person and ChatGPT in 68 languages with
user locations, IP addresses, and time stamps, which en-
ables a comprehensive analysis of user behavior and chatbot
interactions. The results are expected to align with RQ3’s
purpose of understanding chatbot usage across different lan-
guage communities.

Figure 12 shows the results of chatbot usage classification
applied to the WildChat dataset, broken down by language.
In language communities such as nl, pt, and ru, “Search”
(category 1) usage is predominant. Meanwhile, in de, en,
and ja, the “Support” category (category 3) represents the
majority of interactions. Categories like “Dialogue” (cate-
gory 4) and “Humor” (category 5) are relatively uncommon
across all language groups, although “Dialogue” accounts
for approximately 7% in en, which is notably higher com-
pared to other languages.

However, these results deviate from the label distributions
observed in the RQ3 analysis, as shown in Appendix M. This
discrepancy arises from differences in the dataset character-
istics. In RQ3, we focused on user-generated posts shared
on Twitter, where users tend to display use cases they wish
to share publicly rather than regular usage patterns, result-
ing in diverges from real-world use. The WildChat dataset
also faces challenges in accurately capturing real-world us-
age across languages. The dataset was collected by provid-
ing free access to ChatGPT through APIs, with users opt-
ing into anonymous data collection. As a result, there is in-
herent bias in user demographics, as the dataset predom-
inantly reflects interactions from users who are comfort-
able using API-based interfaces, excluding a broader demo-
graphic of users. Moreover, upon examining the dataset, we
found substantial noise: for instance, some interactions la-
beled as Japanese contain Chinese text, and over half of the
15,000 interactions labeled as German start with the prompt
“Gib mir nur 10 Keywords...”. These issues highlight sig-
nificant biases within the dataset. Despite the limitations of
the WildChat dataset, we expect its chatbot usage distribu-
tion to be a complementary resource to RQ3. The different
perspectives provided by this dataset, alongside findings in
RQ3, offer a more comprehensive understanding of chatbot
usage across linguistic communities.

Q Generative AI Percepiton in VKontakte
(VK)

We focused on understanding perceptions of generative AI
tools across various linguistic communities by analyzing
Twitter, a platform widely used by users from different
language communities. By focusing on a single platform,
we could highlight both language-specific trends and cross-
linguistic patterns. However, Twitter’s primary user base
consists mostly of English and Japanese speakers, while
users of other languages may primarily engage with differ-
ent platforms. To address this gap, we extended our research
to VKontakte (VK), a social media platform predominantly
used by Russian communities. By conducting a similar anal-
ysis on VK, we aim to reveal how perceptions of genera-
tive AI differ between VK and Twitter, shedding light on
platform-specific differences in user opinions.
Data: We collected data from VK using the platform’s API,
applying the same set of keywords used in our analysis. This
approach ensured consistency in identifying relevant posts
about generative AI tools across platforms. As a result, we
gathered a total of 40,866 posts, as summarized in Table 13.
Sentiment (RQ1): We applied the Russian sentiment clas-
sification model used in RQ1 to VK posts to examine the
perception of generative AI tools. The sentiment analysis re-
vealed an overall average sentiment score of 0.220, with the
following score for specific tools: 0.123 for Chat tools, 0.472
for Image tools, and 0.010 for Model tools, as shown in Fig-
ure 15. These findings are consistent with those from Twitter
data (Section 4), where Image tools also received the highest
sentiment score, and Model tools received the lowest. How-
ever, one key difference between the VK and Twitter data is
that, while on Twitter all sentiment scores were below the
overall average, the sentiment score for Image tools on VK
was notably higher than the average. This suggests that ru
users on VK are more engaged with and show greater in-
terest in image generation tools compared to Twitter users.
Indeed, upon closer inspection of the actual posts, there is
a high level of activity surrounding discussions on image
generation, further supporting the idea that VK users have a
stronger focus on and enthusiasm for Image tools than their
Twitter counterparts.
Odds ratio analysis (RQ2): As part of our investigation into
RQ2, we applied the same analysis to VK posts to examine
the content related to generative AI tools. Similar to our pre-
vious approach in RQ2, we utilized an odds ratio analysis to
quantitatively measure the frequency of specific terms used
in these discussions. This allows us to identify the most com-
mon words and gain insights into the dominant topics within
VK posts about generative AI.

The results of the odds ratio analysis are presented in
Figure 16. Similar to the trends observed on Twitter, the
word “buzzfeed” was particularly prominent during Period
2. Additionally, in Period 3, there was a significant focus
on the technical aspects of generative AI, with words such
as“neural network”, and “v5” appearing. However, there are
also unique trends specific to VK. For example, in Period
1, words like “dieselpunk,” “knights” and “dragons” fre-
quently appeared, suggesting these words were commonly
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Table 12: Label counts and percentages by language in WildChat dataset applied to chatbot usage classification model based
on DeBERTa.

Lang Label (Percentage (Count))
1 Search 2 Preference 3 Support 4 Dialogue 5 Humor 6 Other No. of samples

ar 33.41% (2,660) 23.05% (1,835) 36.39% (2,897) 4.03% (321) 0.34% (27) 2.78% (221) 7,961
de 26.77% (4,046) 5.26% (795) 65.86% (9,955) 1.08% (163) 0.34% (52) 0.69% (105) 15,166
en 29.13% (80,735) 10.70% (29,664) 49.80% (138,032) 7.88% (21,853) 0.88% (2,433) 1.61% (4,458) 277,175
es 37.41% (4,487) 16.15% (1,937) 39.37% (4,723) 4.39% (526) 0.50% (60) 2.18% (262) 11,995
fr 44.73% (7,251) 20.68% (3,352) 29.98% (4,860) 2.76% (448) 0.46% (75) 1.38% (223) 16,209
id 53.52% (532) 15.79% (157) 22.54% (224) 1.21% (12) 0.10% (1) 6.84% (68) 994
it 42.88% (1,400) 19.17% (626) 29.98% (979) 4.93% (161) 0.31% (10) 2.73% (89) 3,265
ja 20.21% (540) 9.21% (246) 59.06% (1,578) 9.28% (248) 0.71% (19) 1.53% (41) 2,672
ko 45.58% (201) 20.41% (90) 23.13% (102) 7.26% (32) 0.45% (2) 3.17% (14) 441
nl 55.54% (817) 15.91% (234) 22.98% (338) 2.79% (41) 0.61% (9) 2.18% (32) 1,471
pt 49.57% (3,299) 15.01% (999) 26.16% (1,741) 4.09% (272) 3.01% (200) 2.16% (144) 6,655
ru 48.85% (23,932) 14.28% (6,998) 30.57% (14,975) 3.80% (1,864) 0.66% (321) 1.85% (904) 49,994
tr 45.12% (1,342) 15.84% (471) 32.18% (957) 4.40% (131) 0.30% (9) 2.15% (64) 2,974
zh 42.83% (42,199) 16.39% (16,148) 36.27% (35,743) 2.13% (2,103) 0.39% (388) 1.99% (1,957) 98,538

Table 13: Number of posts in VK across generative AI tool.

Category Generative AI tool No. of posts

Chat
ChatGPT 15,766
Bing Chat 66
Perplexity AI 10

Image

DALL · E 5,315
Stable Diffusion 3,408
MidJourney 14,977
Craiyon 99
DreamStudio 10

Code Github Copilot 18

Model GPT-3 591
GPT-4 606

used to generate images with AI tools. This suggests that
VK users were particularly engaged with the creative appli-
cations of generative AI during this period. Furthermore, in
Period 3, the word “human” became more prominent, indi-
cating a shift in discussions toward evaluating the human-
like qualities of generative AI. This reflects an increased in-
terest among VK users in how AI tools emulate human char-
acteristics. These findings highlight both the similarities and
differences in how generative AI tools are discussed on VK
compared to other platforms like Twitter. In particular, VK
users appear to demonstrate a distinct focus on creative and
humanistic aspects of AI.
Topic Model (RQ2): As part of our investigation into RQ2,
we applied the BERTopic model to analyze the content of
VK posts related to generative AI tools. The results re-
vealed that 39.4% of the data were considered outliers, and
the model identified 498 distinct topics. Figure 17 presents
the top 10 topics. Similar to our findings on Twitter, topics
related to current global events, such as the Ukraine con-
flict (Topic 3) and discussions surrounding cryptocurrency
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Figure 15: Time series of sentiment score of VK posts in
ru. The x-axis represents time, and the y-axis represents the
sentiment score. The sentiment score for generative AI tools
associated with Chat is represented by the blue time series,
while the orange corresponds to Image, and green to Mod-
el/Code. The solid gray line represents the average sentiment
score, while the gray dotted lines indicate the 75th and 25th
percentiles of sentiment scores from typical posts.

(Topic 7), ranked highly in VK as well. However, unlike
Twitter, where discussions on the Italy ban frequently ap-
peared among the top topics across multiple language com-
munities, this topic did not rank as highly on VK. One no-
table difference specific to VK is the prominence of creative
related topics, such as Topic 9 and Topic 10, which are cen-
tered on discussions of art, design, and creative works gener-
ated using AI. This suggests that VK users engage more ac-
tively with generative AI for creative purposes, highlighting
a distinct difference in how the platform’s user base interacts
with these tools compared to Twitter.
Chatbot usage (RQ3): We finally classified ChatGPT
screenshots from VK posts containing images to examine
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Figure 16: Top 10 words in posts in VK more likely to be
used during three periods by odds ratio, except generative
AI tool’ names.

Figure 17: Keywords for the top ten topics and topic number
in terms of number of posts by BERTopic.

chatbot usage, following a similar approach as in RQ3.
While ChatGPT was mentioned in approximately 11.7% of
posts containing screenshots on Twitter’s ru users (2,181
out of 18,531), on VK, it appeared in only 8.9% of posts
(1406 out of 15,788.) Although there were fewer screenshots
related to ChatGPT on VK, there was a noticeable increase
in posts containing images generated by tools like MidJour-
ney. This suggests that VK users are more actively sharing
AI-generated images compared to their Twitter counterparts.

When classifying chatbot usage, we found no significant
differences from Twitter. On Twitter, the distribution of chat-
bot usage was as follows: 1. Search: 49.6% (1,082), 2. Pref-
erence: 14.4% (315), 3. Support: 22.2% (484), 4. Dialogue:
4.3% (134), 5. Humor: 6.1% (73), 6. Other: 4.3% (93).

In comparison, on VK, the distribution was: 1. Search:
44.8% (630), 2. Preference: 16.1% (226), 3. Support: 21.0%
(295), 4. Dialogue: 5.9% (83), 5. Humor: 2.7% (40), 6.
Other: 9.3% (132).

These results indicate that while VK users share fewer
ChatGPT-related screenshots compared to Twitter users,
the overall pattern of chatbot usage is similar across both
platforms. The most common usage category remains “1.
Search,” followed by “3. Support” and “2. Preference,” with
slight variations in less frequent categories like “4. Dia-
logue” and “5. Humor.”
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Table 14: Tweet volume and IntI by language and generative AI tools.

Language Service Number of tweets IntI Language Service Number of tweets IntI Language Service Number of tweets IntI

en

Chat GPT 2,430,739 (59.97%) 1.00

ja

Chat GPT 969,188 (66.20%) 0.51

es

Chat GPT 302,702 (77.59%) 0.53
Bing Chat 18,052 (0.25%) 1.00 Bing Chat 3,619 (0.24%) 0.25 Bing Chat 1604 (0.41%) 0.38
Perplexity AI 2,211 (0.05%) 1.00 Perplexity AI 1,818 (0.12%) 1.05 Perplexity AI 314 (0.01%) 0.61
DALL·E 331,877 (8.19%) 1.00 DALL·E 13,363 (0.91%) 0.05 DALL·E 23,909 (6.12%) 0.31
Stable Diffusion 317,451 (7.8%) 1.00 Stable Diffusion 205,358 (14.02%) 0.82 Stable Diffusion 12,641 (3.24%) 0.17
Midjourney 582,619 (14.37%) 1.00 Midjourney 182,219 (12.44%) 0.40 Midjourney 25,792 (6.61%) 0.19
Craiyon 64,638 (1.59%) 1.00 Craiyon 6,519 (0.44%) 0.13 Craiyon 3,861 (0.99%) 0.25
DreamStudio 9,953 (0.24%) 1.00 DreamStudio 3,961 (0.27%) 0.51 DreamStudio 548 (0.15%) 0.23
Github Copilot 29,735 (0.72%) 1.00 Github Copilot 12,312 (0.84%) 0.53 Github Copilot 2,698 (0.69%) 0.39
GPT-3 284,750 (7.04%) 1.00 GPT-3 33,310 (2.27%) 0.15 GPT-3 19,888 (5.10%) 0.30
GPT-3.5 19,491(0.47%) 1.00 GPT-3.5 1,301 (0.08%) 0.08 GPT-3.5 1,272 (0.32%) 0.28
GPT-4 279,542 (6.89%) 1.00 GPT-4 85,642 (5.85%) 0.39 GPT-4 20,536 (5.26%) 0.31

fr

Chat GPT 164,716 (65.92%) 1.18

pt

Chat GPT 165,874 (85.04%) 0.33

zh

Chat GPT 109,754 (81.47%) 2.26
Bing Chat 574 (0.23%) 0.55 Bing Chat 747 (0.38%) 0.20 Bing Chat 527 (0.39%) 1.46
Perplexity AI 68 (0.03%) 0.54 Perplexity AI 58 (0.03%) 0.13 Perplexity AI 53 (0.04%) 0.15
DALL·E 10,547 (4.22%) 0.55 DALL·E 6,794 (3.48%) 0.10 DALL·E 915 (0.68%) 0.14
Stable Diffusion 12,507 (5.01%) 0.69 Stable Diffusion 2,893 (1.48%) 0.04 Stable Diffusion 4,526 (3.35%) 0.72
Midjourney 54,021 (21.62%) 1.61 Midjourney 11,580 (5.93%) 0.10 Midjourney 8,197 (6.08%) 0.71
Craiyon 1,313 (0.52%) 0.35 Craiyon 1,095 (0.56%) 0.08 Craiyon 41 (0.03%) 0.03
DreamStudio 224 (0.09%) 0.39 DreamStudio 142 (0.07%) 0.07 DreamStudio 36 (0.02%) 0.18
Github Copilot 1,002 (0.40%) 0.59 Github Copilot 1,273 (0.65%) 0.21 Github Copilot 1,104 (0.81%) 1.86
GPT-3 8,297 (3.32%) 0.51 GPT-3 3,900 (1.99%) 0.07 GPT-3 3,422 (2.54%) 0.60
GPT-3.5 922 (0.37%) 0.83 GPT-3.5 363 (0.19%) 0.09 GPT-3.5 512 (0.38%) 1.32
GPT-4 12,056 (4.83%) 0.75 GPT-4 6,688 (3.43%) 0.12 GPT-4 16,882 (12.53%) 3.03

de

Chat GPT 72,413 (76.95%) 1.22

tr

Chat GPT 37,916 (65.81%) 0.19

id

Chat GPT 35,267 (69.04%) 0.13
Bing Chat 277 (0.29%) 0.63 Bing Chat 157 (0.28%) 0.11 Bing Chat 197 (0.39%) 0.10
Perplexity AI 34 (0.04%) 0.08 Perplexity AI 9 (0.01%) 0.01 Perplexity AI 609 (1.19%) 0.30
DALL·E 5,978 (6.35%) 0.74 DALL·E 2,707 (4.70%) 0.10 DALL·E 2,069 (4.05%) 0.06
Stable Diffusion 3,318 (3.53%) 0.43 Stable Diffusion 1,032 (1.79%) 0.04 Stable Diffusion 3,129 (6.13%) 0.09
Midjourney 6,419 (6.82%) 0.45 Midjourney 6,838 (11.87%) 0.14 Midjourney 5,547 (10.86%) 0.08
Craiyon 1,846 (1.96%) 1.17 Craiyon 181 (0.31%) 0.03 Craiyon 644 (1.26%) 0.08
DreamStudio 106 (0.11%) 0.44 DreamStudio 14 (0.02%) 0.02 DreamStudio 71 (1.39%) 0.06
Github Copilot 208 (0.22%) 0.29 Github Copilot 611 (1.06%) 0.25 Github Copilot 525 (1.03%) 0.16
GPT-3 5,093 (5.41%) 0.74 GPT-3 3,048 (5.29%) 0.13 GPT-3 2,555 (5.01%) 0.02
GPT-3.5 182 (0.20%) 0.38 GPT-3.5 285 (0.32%) 0.18 GPT-3.5 222 (0.42%) 0.10
GPT-4 4,572 (4.86%) 0.68 GPT-4 8,712 (15.12%) 0.38 GPT-4 3,085 (6.04%) 0.10

ar

Chat GPT 41,267 (86.92%) 0.70

it

Chat GPT 24,944 (59.92%) 0.41

ru

Chat GPT 18,531 (63.89%) 0.50
Bing Chat 199 (0.42%) 0.27 Bing Chat 113 (0.27%) 0.25 Bing Chat 40 (0.14%) 0.15
Perplexity AI 14 (0.03%) 0.03 Perplexity AI 24 (0.06%) 0.05 Perplexity AI 7 (0.03%) 0.03
DALL·E 634 (1.33%) 0.08 DALL·E 8,682 (20.86%) 1.05 DALL·E 1,198 (4.13%) 0.24
Stable Diffusion 187 (0.39%) 0.03 Stable Diffusion 1,389 (3.33%) 0.17 Stable Diffusion 993 (3.42%) 0.21
Midjourney 3,039 (6.40%) 0.22 Midjourney 3,522 (8.46%) 0.24 Midjourney 5,883 (20.28%) 0.67
Craiyon 36 (0.08%) 0.02 Craiyon 4,085 (9.81%) 2.51 Craiyon 122 (0.42%) 0.12
DreamStudio 10 (0.02%) 0.04 DreamStudio 51 (0.12%) 0.20 DreamStudio 15 (0.05%) 0.10
Github Copilot 208 (0.44%) 0.29 Github Copilot 33 (0.07%) 0.04 Github Copilot 202 (0.70%) 0.45
GPT-3 1,536 (2.24%) 0.22 GPT-3 1,199 (2.88%) 0.17 GPT-3 1,554 (5.36%) 0.36
GPT-3.5 124 (0.25%) 0.26 GPT-3.5 218 (0.56%) 0.44 GPT-3.5 129 (0.44%) 0.44
GPT-4 3,564 (7.50%) 0.53 GPT-4 3,416 (8.21%) 0.49 GPT-4 1,934 (6.67%) 0.46

ko

Chat GPT 19,845 (69.65%) 0.08

nl

Chat GPT 18,868 (67.26%) 0.63
Bing Chat 194 (0.68%) 0.11 Bing Chat 76 (0.27%) 0.34
Perplexity AI 14 (0.05%) 0.01 Perplexity AI 16 (0.05%) 0.07
DALL·E 890 (3.12%) 0.03 DALL·E 1,299 (4.63%) 0.32
Stable Diffusion 2,436 (8.55%) 0.08 Stable Diffusion 629 (2.24%) 0.16
Midjourney 968 (3.40%) 0.02 Midjourney 2,140 (7.63%) 0.30
Craiyon 146 (0.51%) 0.02 Craiyon 270 (0.96%) 0.34
DreamStudio 6 (0.02%) 0.01 DreamStudio 65 (0.23%) 0.53
Github Copilot 97 (0.97%) 0.04 Github Copilot 55 (0.20%) 0.15
GPT-3 1,625 (5.71%) 0.06 GPT-3 870 (3.10%) 0.25
GPT-3.5 158 (0.55%) 0.08 GPT-3.5 25 (0.09%) 0.10
GPT-4 1,253 (12.54%) 0.05 GPT-4 4,911 (17.51%) 1.42
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Figure 18: Top 10 words in tweets more likely to be used during three periods by odds ratio, except generative AI tool’ names.
Red indicates words that appear in multiple languages and blue indicates words unique to a specific language.
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Figure 19: The temporal evolution of chatbot usage across various categories within 14 language communities. The vertical
red line serves as a reference point for the release date of GPT-4. Each color corresponds to a different main category: blue for
main Category 1, orange for main Category 2, green for main Category 3, purple for main Category 4, red for main Category 5,
and gray for main Category 6. On the chart, the x-axis represents time, while the y-axis represents either the number or ratio of
interactions in each category. Notably, the temporal evolution of chatbot usage in the nl community is so sparse that it is not
included in this representation.
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