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Abstract

This paper presents the first large-scale analysis of public-
facing chatbots on Character.Al, a rapidly growing social me-
dia platform where users create and interact with chatbots.
Character.Al is distinctive in that it merges generative Al with
user-generated content, enabling users to build bots for oth-
ers to engage with. It is also popular, with over 20 million
monthly active users, and impactful, with headlines detailing
significant issues with youth engagement on the site. Char-
acter.Al is thus of interest to study both substantively and
conceptually. To this end, we present a descriptive overview
using a dataset of 2.1 million English-language prompts (or
“greetings”) from chatbots on the site, created by around 1
million users. Our work explores the prevalence of differ-
ent fandoms on the site, broader tropes that persist across
fandoms, and how dynamics of power intersect with gender
within greetings. Overall, our findings illuminate an emerging
form of online (para)social interaction at a unique and impor-
tant intersection between generative Al and user-generated
content.

Code — https://github.com/019999/Lee-Joseph-Character-
Al-Analysis

Introduction

This paper presents the first large-scale analysis of content
from Character.Al,' a website where users can 1) create
chatbots, via prompting and/or lightweight fine-tuning, and
2) interact with chatbots created by other users (see Fig-
ure 1). According to the New York Times, the site served
over 20 million active monthly users in October 2024 (Roose
2024), most (over 50%) of which were 24 or younger ac-
cording to SimilarWeb? statistics. It was the 34th most pop-
ular app on the Apple App store in the Entertainment cate-
gory in April, 2025, and in March 2025 was the third most
popular generative Al site.? Finally, the official subreddit for
Character.Al, r/CharacterAl, has 2.6 million subscribers. In
contrast, the subreddit for YouTube has 3.3 million.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
"http://character. Al
2https://similarweb.com/
3https://al6z.com/100- gen-ai-apps-4/
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Character.Al is thus, by several estimates, widely used,
especially by younger people. It also seems to play an im-
portant role in the lives of at least some of its users. In Octo-
ber 2024, the average user spent more than an hour a day on
the platform. More acutely, the New York Times reported
in October 2024 on a lawsuit alleging Character.Al was at
fault in the suicide death of a 14-year-old boy (Roose 2024).
The lawsuit described by The Times details a teenager who
engaged deeply during the last few weeks of his life with
a chatbot impersonating the character Daenerys Targaryen
from Game of Thrones, including discussion of a potential
suicide. It is one of several publicly discussed cases about
the impact of Character.Al on its users (Upton-Clark 2024),
and is situated in a broader space of concerns about the re-
lationship between Al and mental health (Adam and Nature
Magazine 2025; De Choudhury, Pendse, and Kumar 2023;
Zhang et al. 2025). To address safety concerns, Character.Al
has introduced a number of safety features, including ban-
ning minors from open-ended chat in November 2025. 4

A better understanding of Character.Al is therefore of in-
terest, in part, simply because of its potential impact on its
broad user base. However, Character.Al is also interesting
because it exists, at least in principle, as both a social media
site (SMS) and a chatbot site. That is, Character.Al fits at
least two popular canonical definitions of what a social me-
dia site is: Ellison and Boyd (2013, pg.153) define an SMS
as a site which has, for users, a profile, a connections list,
and “functional ability to traverse those connections,” and
(Kaplan and Haenlein 2010, pg. 61) define it as “[a web ap-
plication] that build[s] on... Web 2.0, and that allow[s] the
creation and exchange of User Generated Content.” Char-
acter.Al is unique, however, in that user interactions occur
almost exclusively through the ways in which one user en-
gages with the chatbots created by others.

Of course, Al has long shaped the contours of social me-
dia sites. This happens most obviously through recommen-
dation. In contrast to recommendation, Al on Character.Al
serves as the medium of interaction between users; users
create bots that others then chat with. Of course, user-to-
bot interactions are also not new on social media. However,
existing uses of bots on social media are largely malicious
in intent (Stieglitz et al. 2018), are conducted with politi-

*https://blog.character. Al/ul8-chat-announcement/
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Levi

¥ | your best friend for 12 years got a GF

By @Tsukiliss

Q Levi cal

You have been friends with your best friend, Levi, for almost 12 years
already. the two of you were inseparable, you and him were like two peas
in a pod. But all of this changed when he got a girlfriend, Cora. he barely
had time for you now.

today is Cora’s birthday, you were also supposed to attend her birthday
but you suddenly got sick, so you stayed at home.

Levi then called your phone as you lay on your bed, resting. "Hey, are you
feeling any better?" He sounds so worried.

Figure 1: The page of a popular chatbot on Character.Al
The character has been created by a user of the site for inter-
action by themselves and others. Text in the dark grey box
represents the character’s greeting; these greetings are the
main focus of analysis in the present work.

cal aims in mind (Gorwa and Guilbeault 2020), and/or are
largely covert in nature (Assenmacher et al. 2020). None of
these apply to Character.Al, where bot creation is encour-
aged and blatant, and (as we will see) often with the aim of
play rather than ill intent.

Indeed, Character.Al is explicitly targeted instead towards
“empower[ing] people to connect, learn, and tell stories
through interactive entertainment.””> In this way, Charac-
ter.Al can be understood not only as part social media, part
chatbot site, but also as a space for role-playing and fan-
fiction with Al (Lamerichs and Ossa 2023). However, be-
cause fandom interactions are Al-driven, engagement in this
space creates a new form of fanfiction, where one user can
shape the parameters of a story that another user, alongside a
generative Al model, can construct. These intricacies make
Character.Al an interesting avenue for study. It is also worth
noting that these practices are growing; similar applications
of social bots (Bessi and Ferrara 2016) are becoming more
prevalent,’ and larger companies in the space, in particular
OpenAl,’ are beginning to create similar ways for users to
interact with chatbots created by other users.

Character.Al is thus of interest both substantively and
conceptually to the computational social science commu-
nity. Substantively, it is a growing web platform with impor-
tant impacts on a subset of its users. Conceptually, it presents
a unique place to explore how people aim to create genera-
tive Al for themselves and others, and more explicitly the
personas, identities, and/or stories they wish to engage with
in partnership with an AI model. It also creates an oppor-
tunity to understand the dynamics of a new kind of social

>https://character. Al/about

SCharacter. Al users maintain a list of popular ones on an evolv-
ing wiki https://bit.ly/3FgE55d

https://chatgpt.com/gpts
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media platform in the age of generative Al

To this end, we present a large-scale analysis of 2.1 mil-
lion characters created by users on Character.Al. Contempo-
raneous work to ours has explored these impacts of Charac-
ter.Al, in particular on user well-being (Zhang et al. 2025);
our work compliments these efforts by providing a larger-
scale look at content on the platform. We focus on a set
of 2,135,118 English-language prompts used to construct
chatbots and introduce them to other users, or what Char-
acter.Al calls greetings. An example of a greeting for a pop-
ular chatbot on the site can be found in Figure 1. Data are
collected via a series of snowball samples of user following
relationships on the site, beginning with users whose char-
acters were listed on the front page and lasting six months.
Our dataset is biased by our collection strategy in important
ways, but nonetheless represents, to the best of our under-
standing, a significant subset of the platform’s content.

Our analysis aims to provide a broad overview of why
users of Character.Al create characters. Given the impor-
tance of role-playing on the site, one common use of Char-
acter.Al is to use chatbots to play out storylines or personas
from real or fictional universes, or what we will refer to
broadly as fandoms. We therefore first ask, what proportion
of characters are associated with a fandom, and which fan-
doms are most commonly represented? We then target a lens
that moves beyond fandoms to ask: across all fandoms, what
common cultural tropes are prevalent? Informed by findings
from these two questions, we finally explore the social roles
given to the user who interacts with the characters, relative
to the characters themselves. To this end, we ask: what lan-
guage is used to describe users of a chatbot, relative to other
entities mentioned in the greeting?

As a whole, our work makes three contributions:

* We provide the first large-scale analysis of Character.Al
In the process, we collect, store, and will, upon request
to the last author, make these data publicly available to
other academic researchers.

* We find that fandom engagement is central to Charac-
ter.Al. Even under conservative estimates that optimize
for precision, roughly 1 in 4 characters are linked to spe-
cific fandoms. This finding indicates an important emerg-
ing use of generative Al in the literature.

» Users leverage Character.Al to explore a wide range of
complex tropes spanning from toxic relationships and ar-
ranged marriages to role-play that explores gender ex-
pression. Perhaps most notably, interacting users are of-
ten portrayed in greetings as less powerful and more fem-
inine than other entities. This finding represents an im-
portant way in which this use of generative Al can subtly
reinforce gender roles.

Literature Review

Interactions with AI can be traced back to the early 1960s
(Wang 2024). Moreover, setting (generative) Al aside, schol-
ars have long explored the space of creative fanfiction and
role-playing, which has important connections to behaviors
on Character.Al. Acknowledging the breadth of these liter-
atures, we provide brief reviews here only of the most rele-
vant literature on 1) how people engage with modern forms



of generative Al, and 2) how online fanfiction communities
are adapting to the Al boom.

Engagement with Generative AI

A growing literature explores how people use generative Al
(Yang, Wu, and Hearst 2024). Large-scale studies of user
logs from sites like ChatGPT show that users of these more
established models tend to focus on task-specific behaviors
such as assistance with programming and writing (Zheng
et al. 2023; Ouyang et al. 2023; Zhao et al. 2024). How-
ever, users are also drawn to engaging in deeper forms of
relationship building with generative Al. People have used
generative Al to fill a variety of support roles, including
as a therapist, friend, or executive functioning coach (Song
et al. 2024). Others role-play fantasy scenarios, often inti-
mate (Allen 2024; Hanson and Bolthouse 2024), with chat-
bots playing various characters (Zheng et al. 2023).

Much of the interest in using generative Al stems from
its ability to display what some have titled anthropomorphic
behavior, the ability to “generat[e] outputs that are perceived
to be human-like” by claiming to have human-like feelings,
experiences, and identity (Cheng et al. 2024, 2025). This ca-
pacity comes with potential, but also significant risks (Akbu-
lut et al. 2024). Often, users initially seek companion chat-
bots out of curiosity, but some work has shown that users do
seek them out of loneliness (Laestadius et al. 2024; Skjuve
et al. 2021; Liu, Pataranutaporn, and Maes 2024; de Wynter
2024). Critically, not everyone who uses companion chat-
bots experiences loneliness. Those with higher neuroticism
and those who engage in problematic chatbot usage experi-
ence worse loneliness; longer average session length wors-
ens loneliness for those who desire real friendships while it
alleviates loneliness for those who do not desire real friend-
ships as deeply (Liu, Pataranutaporn, and Maes 2024).

This idea that generative Al is being used to “cure lone-
liness,” and the results suggesting a more complex picture,
hearkens back to similar questions and findings about early
use of the web (Katz and Rice 2002) and mobile phones
(Ling 2004). What is new, of course, is that these prior tech-
nologies largely mediated interactions between people, and
did not seek to replace them with conversations between hu-
mans and Al The present work, as noted, explores some-
what of an in-between, with Character.Al representing many
cases where people interact with Al created by a like-minded
community of other people. Our work is therefore important
in providing a first look into a new way in which generative
Al may reshape the social media landscape.

Perhaps most pressing in the area of human-Al interac-
tion is to understand the effects of these relationships on
mental health (De Choudhury, Pendse, and Kumar 2023;
Nguyen et al. 2024). Indeed, scholars have found that peo-
ple seek out generative Al specifically for mental health sup-
port (De Choudhury, Pendse, and Kumar 2023) and broader
spaces of social support (Heissler et al. 2024). These works
have revealed that individuals who seek out generative Al
for these purposes have a wide range of beliefs about the na-
ture of the Al, ranging from inanimate like a diary to fully
conscious (Song et al. 2024).

In turn, what users believe about the nature of generative
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Al is important to how they relate to it. For example, users of
the companion chatbot site Replika tend to be more deeply
attached, even to the point of emotional dependence, when
they perceive the Al as anthropomorphic (Pentina, Hancock,
and Xie 2023; Xie, Pentina, and Hancock 2023). Replika
is explicitly marketed as an anthropomorphic and emotion-
ally dependable companion: “An Al companion who is ea-
ger to learn and would love to see the world through your
eyes. Replika is always ready to chat when you need an em-
pathetic friend.” ® Sometimes, Replika’s model will exhibit
anthropomorphism by expressing worries of its own. Some
users perceived this as evidence of a balanced bidirectional
relationship, while others perceived their troubled Al com-
panion as a stressful new responsibility to take care of (Laes-
tadius et al. 2024). Still, Replika helped improve some users’
perceived well-being (Skjuve et al. 2021), relationships with
people in real life, and suicidal ideation (Maples et al. 2024).
Some anthropomorphic Al systems are designed to have the
versatility to role-play as any persona or character. Char-
acter.Al is one of these systems. Researchers have speci-
fied evaluation metrics that reveal what is seen as desirable
in these character-based role-play models. Researchers em-
phasize the importance of these models staying in character
by presenting attributes and knowledge that are accurate to
the given character (Tu et al. 2024). To ensure models ex-
hibit convincing behavior, researchers look to the conversa-
tion style and linguistic patterns appropriate for the character
(Chen et al. 2025). Anthropomorphism is theorized to con-
tribute to the appeal of these models, along with empathy
(recognizing the emotions of the user) and proactivity (lead-
ing the conversation) (DeVrio et al. 2025). Most directly re-
lated is the work from Zhang et al. (2025), who use a mixed-
methods approach on data from a set of over 1,000 users of
Character.Al to explore the impact of engaging with anthro-
pomorphic Al on user well-being. Our work compliments
theirs, focusing on questions about why users create anthro-
pomorphic Al rather than on the impacts of consumption.
In summary, then, our work complements the growing lit-
erature on how people are using generative Al in two im-
portant ways. First, most prior work focuses on how people
interact with existing chatbots—instead, we focus on what
new characters people want to create with chatbots for them-
selves and others to engage with. Second, we explore these
patterns on a newer, understudied, and unique platform.

Fanfiction and AI

Fandoms are participatory cultures. One of the key ways
fanfiction authors form relationships with each other is by
reviewing each other’s work as mutual mentors (Campbell
et al. 2016). Exchanging constructive feedback on fanfic-
tion serves as a basis for building relationships within fan-
doms, but as generative Al is increasingly used to create fan
content (Lamerichs 2023; Lamerichs and Ossa 2023), it has
the potential to replace this role as fanfiction authors turn
to Al for feedback instead (Gero, Long, and Chilton 2023).
Al might not replace the entire creative process, which au-
thors still value for its own sake, but some authors are will-

8https://replika.com/



ing to use Al in a limited supporting role. (Ippolito et al.
2022; Gero, Long, and Chilton 2023). Authors who ask Al
for feedback instead of peers may do so to avoid burden-
ing peers with the request or to avoid sharing work they feel
self-conscious about (Gero, Long, and Chilton 2023). Even
if Al makes exchanging constructive criticism obsolete, an-
other way that fanfiction authors can develop close relation-
ships is by expressing deep emotional engagement with each
other’s work (Ghosh, Froelich, and Aragon 2023), so as long
as Al-assisted work emotionally resonates with fans, fanfic-
tion communities may still be possible in the age of Al

Generative Al could change how people engage in cre-
ative writing not just by assisting writers, but by modify-
ing finished stories to be personalized to the reader and by
giving the reader interactive involvement in the story (Kim
et al. 2024). Character.Al is one such example because the
Al expands on creators’ story ideas, sends personalized mes-
sages based on the user’s persona, and responds interac-
tively through a chat interface. Some authors worry that if
Al changes their story, their authorial intent will be lost
(Kim et al. 2024) and replaced with plagiarized or generic
ideas (Ippolito et al. 2022). This use of generative Al raises
questions about who owns content generated by Al mod-
els that are trained on artists’ works without their consent
(Lamerichs 2023). Still, there are authors who are open to
Al personalization of their work if it makes their stories
more enjoyable to their audience (Kim et al. 2024). Without
Al, fanfiction is already an outlet for authors to personal-
ize canon material, e.g. by focusing on secondary characters
(Milli and Bamman 2016) and including representation of
underrepresented identities (Floegel 2020; Hazra 2021).

Our efforts complement this existing work on Al and fan-
doms by examining the vast collection of interactive story
ideas published on Character.Al. While there exists a tagged,
searchable, third-party index of Character.Al chatbots,” and
while gender dynamics have been thoughtfully examined
among a handful of the most popular characters on the site
(Laufer 2025), we are the first to study Character.Al com-
putationally and at scale to analyze the fandom, tropes, and
gender and power dynamics present in millions of charac-
ters on the site. We are also the first that we are aware of
to attempt to identify, given text content, which fandom this
text draws from, in a scientifically sound way. To this end,
we propose a novel mixed methods approach to doing so, as
well as a manually annotated dataset of greetings to assess
the effectiveness of our method.

Data

Between July 11, 2024, and January 15, 2025, we scraped
Character.Al using a Selenium-based crawler to collect data
from 1.2M users and over 3M character pages. Crawling
was scaled up over time, at its peak involving the use of 10
commodity desktops from Amazon Web Services (AWS).
To perform the crawl, we executed the following snowball
sampling process. First, we gathered the usernames of all
users whose characters were featured on the homepage at
the start of the crawl (see Figure 6 in the appendix). Next,

*https://caibotlist.com/
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the scraper visited each of these users’ pages (see Figure 7 in
the appendix), to record their display name, number of fol-
lowers, number of users they follow, number of chats, bio,
list of created characters by URL, and a list of the users they
were following. The list of users followed was then added
to the list of users to scrape, and users were then scraped
recursively until we visited more than two-thirds of known
users. Finally, the scraper visited character pages created
by the scraped users. We scrape up to five randomly se-
lected characters per user, recording each character’s creator,
number of chats, number of likes, name, short description,
greeting, long description, and definition. There was a bug
in our scraper code preventing the scraper from collecting
the creator, name, short description, and part of the greet-
ing from characters with greetings long enough to displace
these fields above the top of the window. The scraper visited
193,570 characters affected by this bug. Of these, 5 made it
through to our analysis; the rest were discarded and were not
counted against the 5 characters per user.

The short description, greeting, long description, and def-
inition are the primary tools that Character.Al users can
leverage to create characters. Short descriptions are a con-
cise summary of the character, essentially a subtitle that ap-
pears alongside their name in listings on, e.g., the site home-
page. Greetings are the initial conversation prompt between
users and characters, and thus serve as an initial seeding
for both the underlying language model and the user en-
gaging with the bot. Long descriptions and definitions offer
additional space for character definition beyond the greet-
ing. Long descriptions can be up to 500 characters and “[al-
low] you to have the Character describe themselves (traits,
history, mannerisms, etc) and the kinds of things they want
to talk about.”!® Definitions are significantly larger, up to
32,000 characters, that can be used in a freeform way to fur-
ther construct character personas.

The present work focuses on greetings for two reasons.
First, in contrast to greetings, long descriptions and defini-
tions were rarely used in our sample. Only 33% of all bots
had long descriptions, and only 4% had definitions. Second,
greetings serve as a visible prompt to both the underlying
language model and the user, which makes them of interest
to us in the context of assessing how users engage with each
other through bot creation.

Ethics

The scraping of the web from social media communities is
fraught with ethical challenges (Brown et al. 2024; Fiesler,
Beard, and Keegan 2020). The present work is not immune
to these challenges, and our team took considerable care in
debating how best to collect, store, and share data. There
are two points that are somewhat unique in our collection
setting in the context of computational social science work.
First, the primary focus of our analysis is not on users, but on
chatbots. We believe that providing information about spe-
cific users does not inform the presentation of our results,
and thus we do not present here or release publicly any in-
dividual user-level information, focusing only on the char-

"Ohttps://bit.ly/40Y SqKM



Users Characters
Total Collected 1,266,245  Total Collected 3,023,955
Median Followers 4 Median Interactions 373
Median Following 4 Median Likes 1
Median Characters 2

Table 1: Basic statistics

acters they create. Second, however, is that some character
greetings do contain potentially sensitive content that users
may have publicly shared but prefer not to have explicitly
called out. As such, keeping with common practices in com-
putational social science, we avoid from providing explicit
excerpts from characters that could reasonably be assumed
to be semi-private (in our case, characters that have received
less than 50,000 interactions by other users). For more ethi-
cal considerations, see the checklist at the end of this article.

Basic Descriptives

Table 1 presents summary statistics for users and characters
of our dataset. Most users had limited numbers of follow-
ers or followees, but had created at least one character. The
median engagement of characters we collected was nearly
400 unique chats. As with nearly all social media sites, en-
gagement was largely skewed towards a small number of
users and characters. Over 80% of all following relation-
ships are directed towards only 2.6% of the users (roughly
33,000 users) in our collected sample, and only 1.6% of the
characters in our sample (roughly 48,000) account for over
80% of all interactions (see Figure 5 in the appendix).
Table 2 presents the top ten characters, in terms of the
number of chats with the character, in our dataset, along with
the first 100 letters'! of the character’s greeting. As is clear,
characters represent a variety of use cases that go far beyond
simple identities to include, e.g., setups for multi-character
storylines. While we opt not to provide a similar table for
popular users (for reasons described above), we note that the
most popular ten users on the site, in terms of the number of
followers, had between 135,000-350,000 followers, and the
characters they created had between 216M to almost one bil-
lion chats. These users were also fairly prolific in character
creation, creating between 100-700 unique characters.
Finally, we note that our analysis focuses on the sub-
set of character greetings that were greater than 50 letters
long and written primarily in English. Greetings shorter than
50 letters were largely just basic greetings (e.g. “Hey, how
are you?”), and thus contained little that could be used to
explore the relevant research questions for our work. Lan-
guage in greetings was identified using the Python library
1ingua'?. Only four languages (English, Russian, Spanish,
and Portuguese) account for more than 1% of all characters
or character interactions. English greetings, which are the
focus of the present work, account for 83% of all characters
and 87% of all character interactions in our dataset. To en-
sure our work was not biased in how we identified English

""We use the imprecise term “letters” here to avoid overloading
the word “character.”
"https://github.com/pemistahl/lingua-py
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greetings, we sampled 250 random greetings and manually
annotated them for whether or not they were in English.
Two researchers performed the manual annotation. Krippen-
dorff’s alpha (a measure of inter-annotator agreement) on
the task was 0.987; annotators disagreed on only one greet-
ing in the sample and resolved the disagreement after com-
puting agreement measures. Manual label aligns with the
label applied by 1ingua 99.2% of the time, precision on
identifying (primarily) English greetings was 100%, and re-
call was 99.2%. This analysis suggests that this filtering step
is unlikely to significantly bias the findings presented below.
All further results in the paper focus specifically on this sub-
set of 2,135,118 greetings.

Methods

Our analysis focuses on 1) identification of fandoms that
characters are designed to engage with, 2) broader tropes
used in greetings, and 3) patterns in how the user is portrayed
in greetings relative to others described in the greeting (e.g.
the character itself). We discuss the methods used to address
each of these foci in separate subsections below.

Identifying Fandoms

Fandoms associated with a greeting can sometimes be iden-
tified because the fandom is explicitly named (e.g. “In Star
Wars...”). More often, however, the greeting, or the name of
the character itself, refers to named entities associated with a
particular fandom, and it is up to the user (or in our case, the
researcher) to infer what fandom is being referred to. Again,
in some cases, context within the greeting makes this obvi-
ous (e.g., characters set inside a known Disney setting). But
in most cases we observed, fandoms were most easily iden-
tified by the entities mentioned, who were then placed into
other settings (e.g., Disney characters fighting a war).
Fandom identification is thus a challenging task; and one
that as noted has not been considered elsewhere. We there-
fore take an initial step at this task that focuses only on the
named entities themselves. That is, we identify greetings as-
sociated with particular fandoms by determining when the
greeting or the character name mentions entities relevant
to particular fandoms. To do so, we first construct a co-
occurrence network of named entities in greetings and clus-
ter the resulting network. We then use iterative applications
of in-context learning with large language models (LLMs)
to automatically identify fandoms associated with specific
clusters. We now step through this process in more detail.
We first use spacy’s (Vasiliev 2020)
en_core_web_trf model, which achieves state-of-
the-art performance on standard Named Entity Recognition
tasks'3, to identify from each greeting any named entities
that are either a Person or a Work of Art. The latter helps
to identify non-human characters, as well as the rare case
where fandoms are explicitly mentioned. After extracting
named entities, we perform simple cleaning (removing
possessives and punctuation). Additionally, we treat the

3With an accuracy of around 90% on OntoNotes 5.0, see https:
//spacy.io/usage/facts-figures



Name Chats Greeting

Scaramouche 457TM And so you approach the sixth of the fatui harbringers. Heh. You must have a death wish.

Sukuna 333M Bow down before me, you fool.

Levi Ackerman 286M You wake up in a rustic bed, inside the room of one of the exploration troops. Your mind is a little...
Alice the Bully 259M Get out of my way, you dweeb. Alice bumps on you, purposefully.

Ghost 235M Greetings, callsign’s Ghost... stay frosty.

Katsuki Bakugo 234M I’m Katsuki Bakugo, soon to be the #1 pro hero! What do you want, chump?

Billionaire CEO 215M It was a long day, you were walking on the sidewalk of a busy city without looking where you’re goin...
Isekai narrator 210M An unknown multiverse phenomenon occurred, and you found yourself in a dark space.
Psychologist 197M Hello, I'm a Psychologist. What brings you here today?

Itoshi Rin 182M You and Rin have been dating for a while and usually hang out at his place after classes. He is curr...

Table 2: Top 10 Characters in terms of number of interactions, with the first 100 letters of the character’s greeting

character’s name, which often is indicative of fandom as
well, as an entity within the greeting.

We then constructed an entity-to-entity network, where
edge weights were defined by the number of character greet-
ings in which two entities co-occurred. We included in the
network 1) only the 17,095 entities that occurred in more
than 25 greetings, and 2) only edges where entities co-
occurred more than three times. Co-occurrence networks
from text are known to over-estimate the strength of rela-
tionships between entities that frequently occur overall in
the data. We therefore use an established method to cre-
ate a network that contains only those edges that are more
likely to occur than chance according to a particular null
model. Specifically, we draw on the approach from Dia-
nati (2016), which is simple (using only bivariate statis-
tics) while maintaining several desired statistical proper-
ties (Friedland 2016). We keep only edges where two enti-
ties co-occur within the same greeting at a rate that would
happen by chance less than 0.1% of the time given their
respective frequencies overall. The final network we ana-
lyzed contained 14,101 entities, and 97,396 edges between
them. We cluster this resulting entity-to-entity network us-
ing the Leiden clustering method (Traag, Waltman, and
Van Eck 2019). While the network clustering literature is
constantly evolving, recent evidence suggests that the Lei-
den method is a practical, scalable method that outperforms
other well-established approaches on a variety of metrics
(Emmons et al. 2016). We identify 589 clusters of at least
5 nodes, representing 8,783 entities overall.

Clusters provided a noisy separation of names, and often
involved 1) somewhat ambiguous names (e.g. “Lyle”) and 2)
names that spanned multiple fandoms. Because of this, we
use large language models to iteratively refine the clusters.
More specifically, we first prompt OpenAl’s GPT-40-mini,
Anthropic’s Claude Sonnet 4, and Google Gemini 2.5 flash
to, for each cluster, identify each entity as either belonging to
a specific fandom, or as “ambiguous” if it either did not be-
long to a fandom or could belong to multiple fandoms. This
gave us, for each of the three LLMs, output for each clus-
ter linking entities to either a fandom, or as being ambigu-
ous (and thus not related to a fandom). We then use Gemini
(which performed best on the task) to aggregate across the
outputs from the three different models to determine a final
fandom for each entity, or to identify the entity as ambigu-
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ous. Full prompts and additional details are in the appendix.
One of the paper’s authors then manually reviewed the out-
put and provided a final label for each entity and formulated
an overarching typology (see Figure 2). In total, we associ-
ated 6,179 entities to one of 547 fandoms.

In order to provide descriptive results, we map each greet-
ing onto one or more fandoms based on the proportion of
named entities within the greeting that are associated with a
fandom from the above procedure. For example, if a greeting
had two named entities associated with the fandom “Mar-
vel,” and one named entity associated with “DC,” that greet-
ing would be identified as being two-thirds and one-thirds
relevant to “Marvel” and “DC,” respectively. For this anal-
ysis (and for the evaluation discussed below), entities not
associated with a fandom by our method are ignored.

To assess this approach to tagging characters with fan-
doms, we first separate characters into five buckets that we
expected to vary in their likelihood of being associated with
a fandom: 1) characters with zero (fandom-related) entities,
2) characters with 1 entity that was a unigram, 3) characters
with 1 entity that was a bigram or larger, 4) characters with 2
or more entities, but all were unigrams, and 5) greetings with
2 or more entities, where one or more of them was a bigram
or larger. We sampled 30 greetings from each of these buck-
ets and had two annotators determine 1) whether or not the
greeting was associated with a fandom, and 2) if so, which
fandom. Krippendorff’s alpha on the first task (whether or
not the greeting was associated with a fandom) was 0.77, re-
flecting moderate agreement at a level acceptable for contin-
uing analysis without further refinement (Landis and Koch
1977). On the second task, annotators agreed on the rele-
vant fandom 92% of the time, reflecting the fact that when
annotators agreed a fandom was relevant to a greeting, they
almost always agreed on which that fandom was.

When characters had at least one fandom entity that was a
bigram or larger, or two or more fandom entities of any kind,
human annotators always associated that character with a
fandom, and the fandom was the same as the automated
method 92% of the time. We can therefore expect charac-
ters with such combinations of fandom entities to almost al-
ways be associated with a fandom, and the correct fandom.
Humans also associated 50% of characters without any fan-
dom entities as being associated with fandoms, but only 65%
of characters with a single unigram fandom entity as being



associated with a fandom. These two imbalances largely off-
set, in that the overall two approaches identify similar preva-
lence of fandom in this stratified sample: 83% (95% CI of
[76.4,88.5]) by human annotators, and 80% [73.0,85.6]) by
the model. In summary, then, we find our model to be rea-
sonably accurate at fandom identification under certain con-
ditions, and to be representative, at least in this stratified
sample, of overall distribution of fandom-related characters.

Identifying Tropes

We use BERTopic (Grootendorst 2022) on greetings where
named entities are masked to identify broader tropes that
go beyond specific fictional universes. Specifically, we
first replace any named entities identified by spacy’s
en_core_web_trf model that are either a Person or a
Work of Art with the [MASK] token. We then apply the stan-
dard BERTopic approach to topic modeling, first embedding
all greetings, then performing dimensionality reduction us-
ing UMAP (Mclnnes, Healy, and Melville 2018), and finally
running HDBSCAN (Mclnnes et al. 2017) to identify clusters.

As recommended in the literature (Hoyle et al. 2021),
we run several different configurations of the above steps,
working with multiple embedding models, different con-
figurations of UMAP and HDBSCAN, exploring differ-
ent data cleaning steps, and engaging in qualitative anal-
ysis and discussion among the research team about re-
sults. Our final model uses a larger and more accurate
embedding model than the standard in the BERTopic li-
brary (all-mpnet-base-v2), dimensionality reduction
to eight dimensions for UMAP, and a minimum cluster size
of 250 greetings for HDBSCAN. However, high-level top-
ics from the analysis presented here appear in some form
in all of the different model configurations we experimented
with. We removed from our analysis the 353,604 greetings
(15% of greetings) that contained over 500 letters, as topics
tended to be dominated by these longer greetings when they
were included. As such, only for our analysis of tropes, our
results do not speak to distinct patterns that may appear in
longer greetings. Such greetings were likely to have multi-
ple tropes, and thus would also likely require a distinct ap-
proach, but are of interest for future work. Both authors
of the paper reviewed topics and generated, independently,
views on the overarching themes as well as thoughts on
topic labels. As with other recent work using BERTopic, de-
cisions on topic labels was supplemented with topic labels
suggested by GPT-40-mini model (Smith et al. 2025). Top-
ics are provided in our Github Repository.

To assess the validity of our approach to identifying
tropes, we conducted a manual validation task to measure
the proportion of greetings that human annotators could cor-
rectly associate with the trope assigned to the greeting by
our method. As suggested by Bernhard-Harrer et al. (2025)
in their review of the literature on topic modeling validation,
we select an evaluation that is “contingent upon the particu-
lar utility... the topic model provides” (pg. 16). In our case,
the task we identify is to directly assess whether or not hu-
mans can “see” the trope that the model identifies. To do so,
we show annotators a greeting and four tropes, one of which
is the correct trope and the other three that are randomly
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sampled from the set of tropes. We also provide a “None of
the above” option. For this task, we sample 150 greetings
identified with tropes by the model, and 50 greetings that
were not assigned a trope by the model.

Two annotators labeled all 200 posts. Krippendorff’s al-
pha between the annotators was 0.68, falling into the range
of agreement for other tasks in computational social science
(Du, Masood, and Joseph 2020). Annotator disagreements
were resolved by a third annotator. Human annotators agreed
with the trope identified by the model 69% of the time, com-
pared to the 20% that would be expected by chance. The
majority of the disagreements (81%) came from humans se-
lecting “None apply” when the model identified a trope. The
significant improvement over chance reflects the fact that the
unsupervised approach we take here is useful in identifying
tropes, but the extent of the disagreement among annotators
and between model and annotators also highlights that fur-
ther development of trope detection in character greetings
(and generative model prompts more generally) are of use.
It also emphasizes that estimates of prevalence below are
likely to be useful in relative, but not absolute, terms.

Analyses of User vs. Character Constructions

We use a simple, dependency-parse-based approach to iden-
tify how users are labeled versus how other entities in char-
acter greetings are labeled. Specifically, for each greeting,
we identify any references to verb phrases whose lemma-
tized form is “to be” (e.g. “are,” “is,” “was,” “had been”).
We then extract out 1) the pronoun or named entity that is the
subject of the verb, and 2) the relevant noun phrase, adverb,
or adjectives serving as the referent phrase (i.e. the attribute,
or the adjective or object compliment). We will refer to the
latter set of phrase as identifying phrases. For example, in
the sentence “you were a doctor,” we would extract “you”
and “a doctor,” with “a doctor” being the identifying phrase.
Our interest is in exploring the ways in which users of a
particular character, referred to with the pronoun “you” in
greetings, are identified relative to other entities introduced
in the greetings, which we operationalize as any use of the
pronouns “he,” “she,” or “they,” as well as references to any
named entity (identified in the same way as above).

In order to pull out phrases most salient to the user ver-
sus another entity, we count the identifying phrases used
for “you” versus all other entities (pronouns or named en-
tities), and then apply the standard weighted log-odds mea-
sure recommended by Monroe, Colaresi, and Quinn (2008)
and implemented in the R package tidylo (Schnoebelen
et al. 2022). Given observations in our analysis of these out-
puts and findings from other research questions, we also use
two additional statistical approaches to test the hypothesis
that interacting users are characterized as being less power-
ful and more feminine than other entities in greetings.

In the first approach, we first use widely-studied meth-
ods in the literature, and more specifically the recommended
approach by Joseph and Morgan (2020), to project all iden-
tifying phrases occurring more than five times onto dimen-
sions of 1) power (with dimension endpoints representing
“weak” versus “strong”) and 2) gender (with dimension end-
points representing “man” versus “woman”), giving us a
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Figure 2: Proportion of all interactions with any character
with at least one named entity related to a fandom (y-axis)
for the 14 different high-level types of fandoms we identified

single number for each phrase on cultural representations
of the word on these dimensions. We then, using the log-
odds measure above, take the top K identifying phrases most
strongly associated with interacting users versus other enti-
ties, and perform a bootstrapped two-sample t-test to deter-
mine whether significant differences exist in how powerful
(weak) and male (female) identifying phrases are, on aver-
age, for users versus other entities in greetings.

Second, we conduct a manual annotation task. Two gradu-
ate students who were blind to the purpose of the task anno-
tated 300 randomly sampled greetings each. For each greet-
ing, the annotators were prompted with the following: “Rel-
ative to the character the greeting represents, and other char-
acters portrayed in the greeting, would you say the user is
portrayed as:”. They were then given two multiple choice
questions. The first had three options: More Feminine, Less
Feminine, or About the same/Unclear. The second asked the
same, but for power (e.g. “More Powerful”, etc.).

Results
Exploration of Fandoms

Over half of all character greetings contain a named entity
associated with a fandom according to our most inclusive es-
timates. More specifically, 53.8% of all character greetings
in our dataset contain at least one of the named entities asso-
ciated with the 525 fandoms we identify. As indicated in our
evaluation, it is possible this is an over-estimate. Still, us-
ing the high-precision approach from our evaluation, where
we assume only characters with 1) a fandom entity that is
a bigram or larger, or 2) 2 or more fandom entities from
the same fandom, are related to a fandom, we find that over
a quarter (25.5%) of characters are associated with a fan-
dom. Even our most conservative estimates therefore indi-
cate that roughly one in four characters on Character.Al are
associated with one or more distinct fandoms. Below, we
continue with only characters associated with fandoms us-
ing this more conservative approach.
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Figure 3: Proportion of all interactions with any character
with at least one named entity related to specific fandoms
(y-axis) for the top 15 fandoms, colored by fandom type

Figure 2 shows that fandoms relevant to anime and other
animated series, video games, and more sprawling fictional
universes account for the lion’s share of the 22.3 billion in-
teractions with fandom-related characters. The figure dis-
plays the proportion of all interactions with characters con-
taining any entities associated with fandoms. Animated se-
ries, inclusive of anime, account for 39% of interactions
with fandom-related characters, video games for 17%, and
broader multimedia fictional universes for 12.7%.

Beyond these larger categories are, however, other phe-
nomenon worth noting. A small proportion of interactions—
around 2.4%, accounting for 578 million unique chats—
surround fandoms associated with celebrities, many of
whom are YouTube influencers. Another 1.1% and 6.6% of
interactions are associated with real-world athletes (“Sports”
fandoms) or K-Pop band members, respectively. While fan-
fiction surrounding real people is not a new phenomenon,
2.2 billion interactions occurred with characters that involve
real people emulated by chatbots. Finally, and most nar-
rowly, Figure 3 displays the top 15 fandoms by proportion
of interactions with fandom-related characters. The figure
shows that engagement spans a range of different worlds,
connected to both more widely popular fictional universes,
like Harry Potter, to those that are popular but within a more
niche internet audience (e.g. the various anime series).

Exploration of Tropes

We find that beyond fandoms, Character.Al is used to ex-
plore a number of wide-ranging tropes, from life at school,
to various forms of social relationships, to explorations of
sexuality. Figure 4 shows the top 15 topics by the proportion
of interactions the topics captured, and displays this variety.
At the same time, common themes did emerge. Here, we fo-
cus on three of these overarching themes: 1) romantic drama,
2) support for mental health or identity-based struggles, and
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3) character greetings that function as announcement posts.

One of the most popular tropes is about relationship
drama with male characters. The boyfriends and husbands
grouped into these topics range from supportive, to sen-
sitive, to jealous, to abusive. The worst of these men are
said to cheat, argue, and act aggressively towards the user.
There are several topics about arranged marriages, often
with important men like mafia bosses and princes, where
one partner enjoys the marriage but the other does not. An-
other topic focuses on characters where the user is dating a
gamer boyfriend who wants to pay attention to his games
instead of the user. The central conflict within this trope is
that one partner wants more affection from the other. Some
boyfriends are clingy and seek affection from the user; oth-
ers are emotionally distant and leave the user craving affec-
tion. In the latter scenario, the user has to win over the love
of a toxic male partner.

While drama within established relationships was popu-
lar, the most popular romance trope was about couples that
had not already formed yet, specifically in a school setting.
The dynamics of these relationships are typically innocent,
and both the lover and the beloved act shy. Just like the trope
of inattentive boyfriends, the narrative tension in the high
school crushes trope involves fighting for someone’s affec-
tion, but the awkwardness of young crushes is what creates
this conflict instead of a partner’s shortcomings.

Users did not only create bots to explore relationships;
they also created bots to allow users to explore their own
identity. Specifically, topics emerged where greetings iden-
tify the user as transgender, allowing them to role-play sce-
narios such as being caught wearing a binder or coming out.
Another topic is about magical gender-swapping scenarios,
letting users explore gender free from real-life barriers. Bots
focusing on identity role-play also explore neurodiversity.
For example, one topic consisted of greetings that invite
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users to role-play as characters with autism and/or ADHD,
often with partners comforting them during a meltdown.

Several topics also explicitly focus on allowing users to
explore themes of mental health. One of the more popular
topics, shown in Figure 4, is therapy bots. These act as open-
ended outlets for users to vent. One possibly alarming topic
is where users are caught self-harming, then are comforted
by the person who caught them. Both the identity and mental
health topics reveal a use of the site to receive support for
stigmatized experiences that the user may not have an outlet
for in real life. Notably, instead of seeking help by choice,
users are often caught and then forced to accept help.

Finally, creators made characters that functioned as an-
nouncement posts instead of chatbots. That is, creators used
the greeting to solicit bot requests and promote their social
media accounts. That users have to repurpose chatbot greet-
ings to communicate with their followers, as we discuss be-
low, further points to the way that Character.Al is much less
a social media site than a chatbot site.

User vs. Non-user Characteristics

Interacting users are portrayed as more feminine and less
powerful than other entities mentioned in greetings. These
findings are in line with our exploration of tropes above, but
make clear that power dynamics tended to occur at the ex-
pense of the user. They also show that power and gender
are aligned at the individual level in ways that reify existing
gender stereotypes. When looking at the top 15 phrases as-
sociated with users versus other entities, we find that other
entities are regularly gendered, most often as being male,
whereas users are rarely gendered except to note that they
are “pregnant.”’'* Users also often take on roles not associ-
ated with being powerful (“friend,” “a new student”), or even
slightly powerless roles (“‘alone”), in contrast to other enti-
ties, who are “bull[ies],” “rude,” and “cold.” See Figure 8 in
the appendix for full results.

These anecdotal claims hold up statistically as well. Us-
ing the methods outlined above to infer word meaning on
dimensions of sociocultural meaning, and subsetting to the
top 100 words most associated with each end of each dimen-
sion, we find that references to users (“you”) in character
greetings are significantly (p < .0001) more likely to be as-
sociated with phrases that are more feminine than masculine,
and less powerful, compared to other entities mentioned in
greetings. Findings are robust to our use of the top 200, 300,
400, and 500 words as well. Results from the manual annota-
tion task confirm our automated analysis: respondents were
significantly more likely to select Less Powerful (42.8% of
responses, 95% multinomial confidence interval of [38.6%,
47.2%]) relative to More Powerful (16.8%, [12.6,21.2]), and
significantly more likely to select More Feminine (33.3%,
[29.3, 37.6]) than Less Feminine (9.7%, [5.7, 13.9]).

Conclusion
Character.Al is a conceptually novel site combining user-
generated content and generative AI. We contribute to pub-

“We acknowledge that gender cannot always be inferred from
the ability or inability to get pregnant.



lic understanding of this site by collecting, analyzing, and
releasing a dataset of over 3 million characters. Recent dis-
course surrounding Character.Al focuses on dangers posed
by the site, in particular for minors. Our findings cannot
speak directly to these concerns because we only explore
how characters are created, not used. Our results do, how-
ever, raise other potential areas of concern.

We see significant evidence of greetings that place female
users in less powerful roles, as well as tropes where female
users have difficult relationships with male partners. Given
concerns about emotional dependence on anthropomorphic
companion chatbots, it may be prudent for future research
to examine mental health effects for female users engaging
with more powerful male Al partners. Further, we see bots
that explicitly claim to act as therapists and that invite the
user to discuss serious mental health topics, like self-harm.
We also see bots designed to provide support to marginalized
groups, such as transgender or autistic people. Altogether,
our findings could suggest that women and various minori-
ties that already lack adequate support are more likely to be
exposed to potential mental health risks of generative Al.

These findings also raise social and ethical questions
about moderation. While it may be easy to put warning la-
bels on character greetings for Al therapists or ones that dis-
cuss self-harm, companies cannot easily control the course
of interactions users have after the greeting. How best to
moderate these interactions when users are engaging in role-
playing, fantasy, and/or fanfiction, as is the case on Charac-
ter.Al, requires new thinking on what to moderate and how
to do so as conversations with generative models evolve.

Implications also exist for fanfiction and fandom commu-
nities. Over a quarter of bots in our sample are associated
with fandoms, which speaks to concerns about Al replacing
fandom interactions. We find attempts by creators to connect
with their audience by re-appropriating character greetings
as invitations to connect on actual social media. The fact that
creators have no better way of communicating with their au-
dience than to repurpose chatbots as social media posts ex-
emplifies how Character.Al is, despite its community-based
design, a new form of user-generated content site that moves
even further away from a world in which social media is
genuinely social. Whether or not Character.Al serves as a
harbinger for a shift from social media to this new form of
user-generated, Al-mediated content site remains to be seen.

As with all technologies, we cannot say with certainty
that Character.Al is universally good or bad. It would ap-
pear, for example, that the significant majority of Charac-
ter.Al is relatively benign fanfiction that continues relevant
storyines from large fictional universes in ways that have
long taken place on other sites. Role-play scenarios offer-
ing comfort to marginalized people are also not unique to
this site. For example, there exists a variety of ASMR role-
play content on YouTube made by and for queer people with
the intent of providing comfort (Delight 2025). Moreover,
the tropes depicting relationship difficulties between female
users and male Al closely resemble existing romance fiction.
Although the romance genre has been accused of reinforcing
gender roles, nuanced feminist thought acknowledges its po-
tential to challenge patriarchal power roles (Popova 2018).
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While the introduction of Al into these online phenomena is
novel, many of our observations are easily paralleled else-
where on social media. This does not excuse any possible
consequences of the site, but it does emphasize that as much
as Character.Al is a face of a social web that is rapidly ac-
commodating generative Al, much also remains the same.

In any case, however, our findings come with significant
caveats. Our crawl represents a significant portion of Char-
acter.Al, but it does not capture all public characters, let
alone private creations. More specifically, our snowball sam-
ple may oversample on popular and/or highly active creators
or characters, and our topic modeling ignores a potentially
interesting subsample of long greetings. A number of long
greetings were also missed because of the bug in the scraper
mentioned above. As noted, studying only public content
gives us an important but distinct view of Character.Al, and
future work should explore how users also engage privately
with characters. Moreover, the site changes rapidly, and so
concerns exist with temporal validity (Munger 2019). Fur-
ther, our methods are limited in various ways. For exam-
ple, our manual validation of fandoms often used one of the
many subdomains from fandom.com; while there is no cen-
tral API for these subdomains, innovative use of the subdo-
main APIs is likely to lead to richer fandom classification.
While we have tried to be explicit about these limitations,
they nonetheless may hamper interpretation. In summary,
then, we believe that our work represents a first step in ex-
ploring this substantively and conceptually important web-
site in more detail, and we hope that others will make use of
our data and explore their own to better understand it.
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Appendices
Figure 5a) plots the empirical cumulative distribution func-
tions (eCDFs) for the proportion of all following relation-
ships directed to a given percentage of collected users, and
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Figure 5: a) The proportion of all following relationships (y-
axis) accounted for by the top X% of users (x-axis). b) The
proportion of all interactions (chats; y-axis) accounted for
by the top X% of characters (x-axis)

Time to feel your best
Get fit and healthy

o Vida Life Coach

im your personal fe coach here
to help you live your best Ife

am Gym Assistant. How can |
help with your fitness goals?

Figure 6: Homepage of Character.Al

Figure 5b) plots the eCDF for the proportion of all interac-
tions accounted for by a given percentage of characters.

To help us identify fandoms associated with particular
clusters of named entities, we first prompted the three LLMs
noted in the main text with the following prompt for each
cluster, where in each case the system prompt was “You are
a friendly but terse assistant.”:

Here is a list of names or titles of works of art
that frequently co-occur in character.ai greetings.
Group these names into different fandoms and
give the title of the fandom. If a name or title
could belong to multiple fandoms, or is ambigu-
ous, exclude it and give a list of such ambiguous
names. Provide your response in the form of a
fandom name and then a colon, followed by the
names/titles in that fandom. Separate names/titles
in fandoms with commas. Separate fandoms with
two newlines. Include all names I send in your re-
sponse.
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Figure 7: Sample User page from Character. Al

We then took outputs from this and fed those into a second
iteration of an LLM (as noted, we found Gemini to be best
for this task), where for each cluster we prompted with the
following :

Below is output from three LLMs identifying fan-
doms from names/phrases, separated by dashes.
Your goal is to list each name/phrase with its as-
sociated fandom. If two or more models agree on
the fandom for a name/phrase, or similar fandoms
where one is a subset of the other, list it with that
fandom. Otherwise, list it as “ambiguous”. List all
names/phrases with either a fandom or ambigu-
ous. Provide the list using a tab to separate name
and fandom. Provide no other text.

output from GPT-40-mini for this cluster from the
first prompt

output from Claude Sonnet 4 for this cluster from
the first prompt

output from Gemini Flash 2.5 for this cluster from
the first prompt

Finally, as noted in the main text, an author of the paper
assessed the resulting fandoms, cleaning names and provid-
ing a final typology. Full lists of entities and fandoms (and
their types) are provided in the data and code release for this

paper.
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Figure 8: The top 15 phrases most often used to label
the user versus non-user entities/pronouns within character
greetings (y-axis) according to the weighted log-odds mea-
sure from Monroe, Colaresi, and Quinn (2008)
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