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Abstract

Recent studies have discussed how users are increasingly using
conversational Al systems, powered by LLMs, for information seek-
ing, decision support, and even emotional support. However, these
macro-level observations offer limited insight into how the purpose
of these interactions shifts over time, how users frame their inter-
actions with the system, and how steering dynamics unfold in these
human-AlI interactions. To examine these evolving dynamics, we
gathered and analyzed a unique dataset INVIvOGPT: consisting of
825K ChatGPT interactions, donated by 300 users through their
GDPR data rights. Our analyses reveal three key findings. First,
participants increasingly turn to ChatGPT for a broader range of
purposes, including substantial growth in sensitive domains such
as health and mental health. Second, interactions become more
socially framed: the system anthropomorphizes itself at rising rates,
participants more frequently treat it as a companion, and personal
data disclosure becomes both more common and more diverse.
Third, conversational steering becomes more prominent, especially
after the release of GPT-40, with conversations where the partici-
pants followed a model-initiated suggestion quadrupling over the
period of our dataset. Overall, our results show that conversational
Al systems are shifting from functional tools to social partners,
raising important questions about their design and governance.
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1 Introduction

Generative Artificial Intelligence, through conversational Al sys-
tems, is increasingly assuming the role of “general purpose technolo-
gies” like steam engine, the electric motor, and semiconductors [6]
from the past. Since the release of ChatGPT in 2022 [1], Generative
Pre-trained Transformers have become both a core technical break-
through and a widely recognized term. Research on adoption shows
that conversational Al systems have spread at an unprecedented
rate: Bick et al. [4] report that by 2024, 40% of the US population
aged between 18-64 years old was already using conversational
Al systems. Similarly, a recent OpenAlI study [7] reports that, by
July 2025, 10% of the entire world population was using ChatGPT.
The effects of this rapid adoption are felt across sectors, including
education, healthcare, finance, and software development [33].

Although adoption has been rapid, we still know surprisingly
little about how people actually use these systems in everyday
life. Recent studies, primarily from industry, offer important first
insights into this. OpenAl reports that most interactions fall into
three categories: (a) practical guidance, (b) information seeking,
and (c) writing, with rapid growth in both work and non-work
use cases [7]. Anthropic highlights similar trends, with a stronger
emphasis on coding tasks [32], while Microsoft finds particularly
high applicability in roles centered on communication, mathematics,
and office work [33]. Overall, these studies indicate that people
broadly treat conversational Al systems as multipurpose assistants,
while also engaging in casual, non-work discussions. However,
these studies largely remain at the population level, which misses
the finer details of how such human-AI interactions evolve over
time. These works are analogous to looking at satellite imagery of
a continent: it shows forests, deserts, and cities, but it can not tell
us what life looks like on the streets.

Limitations of existing datasets. To move beyond these aggre-
gate views, researchers have begun collecting real-world interaction
data at scale. Recent academic efforts like WildChat [40] offer an


https://orcid.org/0000-0002-5300-8757
https://orcid.org/0000-0003-1256-8800
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3774904.3792978
https://doi.org/10.1145/3774904.3792978
https://github.com/saikeerthana00/Bowling_with_ChatGPT
https://github.com/saikeerthana00/Bowling_with_ChatGPT

WWW °26, April 13-17, 2026, Dubai, United Arab Emirates

important step forward by providing a large corpus of user in-
teractions “in the wild” While such datasets have advanced our
understanding of behavioral patterns, they offer limited snapshots
of user behavior as they do not retain full conversational histories or
longer-term trajectories. Furthermore, fundamentally, these interac-
tions may be affected by the observer effect [30], as participants may
change their behavior or interactions because they know they are
part of an experiment. Without longitudinal data, it is exceedingly
difficult to examine how individuals expand or refine the purposes
of their interactions, how their ways of framing evolve, or how
the steering of the conversation may shift between user-led and
system-led directions. In other words, such datasets bring us closer
to the ground than aggregate industry reports; however, they still
leave us looking at the city from above and not walking its streets.
As people return to the same conversational Al system every day,
they may broaden the purposes for which they use it by gradually
expanding the range of issues they consult it about, reconfiguring
which tools, institutions, or people they rely on. They may also
change how they frame their interactions by beginning to treat the
system less like a tool and more like a social actor; anthropomorphiz-
ing it [17], assigning it roles such as assistants [21], advisors [38],
or even companions [39], and using it as a replacement for specific
societal actors, such as a doctor or financial advisor. Furthermore,
over time, these shifts in framing may lead to a more personal form
of engagement, including the disclosure of sensitive data, such as
the user’s background or health. In addition, as models become
more proactive [10] (e.g., asking follow-up questions, suggesting
directions, etc.), the question of conversational steering becomes
central: who is steering the conversation, the user or the system?
Why are these aspects important? These evolving conversa-
tional aspects (purpose, framing, and steering) are tightly coupled
and raise important societal questions. Changes in conversational
purpose may lead users to consult Al systems about more sensitive
or consequential matters, creating new forms of technological re-
liance. Shifts in conversational framing may shape the perceived
role of expertise of Al systems, potentially influencing how people
interpret its outputs. Such reliance and perception may be prob-
lematic given known limitations of conversational systems, such as
biases [34] and hallucinations [16]. Also, patterns of conversational
steering may be problematic as they may reduce user autonomy,
subtly shape beliefs, preferences, or decisions, particularly if users
defer to the system’s suggestions or follow-up questions. Much like
scholars once documented the decline of community engagement
with the metaphor of people bowling alone [28], we may now be
witnessing the rise of a new paradigm where individuals begin to
bowl with AL The stakes of this paradigm are particularly high in
sensitive contexts such as emotionally charged conversations (e.g.,
mental health) or political discussions. Overall, to design safeguards
and responsible governance of conversational Al systems, we need
an empirical understanding of how these dynamics unfold in the
real world. This brings us to the key research questions that we ask
in this work.
oRQ1 - Purpose: How does the purpose of the conversations, re-
flected by the topics, change over time?
oRQ2 - Framing: How do users’ ways of framing their interac-
tions with conversational Al systems, e.g., anthropomorphization,
relationship framing, and disclosure of personal data, change over
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time?
oRQ3 - Steering: Who is steering conversations between humans
and conversational Al systems?

To answer these research questions, we collect a unique dataset
- INVIvoGPT - through GDPR-based data donations. We recruited
300 participants (through Prolific [27]), who exercised their GDPR
right of access and donated their ChatGPT interaction histories.
These interaction histories are organized in terms of conversations
and turns. Each turn is a single (user prompt, Al response) pair and
a set of turns grouped together form a conversation. INVIvoGPT
comprises 138K conversations and 825K turns in the time range
December 2022 to January 2026. To systematically study these in-
teractions, we used NLP techniques and GPT-4o to annotate the
conversations along several dimensions: (1) the topic of discussion;
(2) the roles and relationships attributed to ChatGPT, such as assis-
tant, companion, or advisor; (3) signs of anthropomorphization in
conversation turns; (4) personal data disclosed by the participants
to ChatGPT in conversations; and (5) conversational nudges such as
asking questions or making suggestions on how the conversation
should continue. We next conduct a temporal analysis to investigate
the evolution of human-Al conversations across these dimensions.
Key findings. Our main findings are as follows.
RQ1: We find that participants rely on conversational Al systems
for a wide range of purposes, with Health (10.1%) and Finance (9.4%)
emerging as the most common topics. Over time, users turn to
the system for an increasingly diverse set of topics. This shift is
accompanied by a move towards more sensitive topics: compared
to Text-davinci (GPT-3.5), GPT-40 shows large increases in Health
(+33%) and Mental Health topics (+19%).
RQ2: Participants seem to anthropomorphize the system in 22.5%
of their messages, while the system does so in 47.1%, with system-
driven anthropomorphism doubling over the period of our dataset.
In parallel, ChatGPT’s role as a companion expands; more partic-
ipants are increasingly adopting this relationship, and these con-
versations become longer, marking a shift from a functional tool
to a social partner. Mirroring this, disclosure of personal data is
both widespread and rising. By mid-2025, most participants in our
dataset revealed personal data, and the variety of data types dis-
closed became more diverse over time, showing an expansion of
trust and reliance on ChatGPT.
RQ3: Attempts for conversational steering from the model appear
regularly in user interactions. In 18.3% of the turns, participants
follow a direction proposed by the model; in 24.6%, the model made
a suggestion that participants choose not to follow; and in 57.1%
of the turns, no suggestion is made. Importantly, steering becomes
noticeably more prominent after the release of GPT-4o; the share of
conversations in which the participants follow at least one model-
initiated suggestion increases from about 11% to almost 50%.

2 Related work

Recently, researchers have invested significant effort in under-
standing how conversational Al systems are used. OpenAl con-
ducted a large-scale study [7] showing that the majority of inter-
actions fall within three categories: practical guidance, informa-
tion seeking, and writing. They also observed a growth in usage
for both work-related interactions and an even faster growth for
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non-work-related interactions. Anthropic’s study [32] reports simi-
lar trends, with a stronger emphasis on coding tasks. Microsoft’s
study [33] focuses on understanding the use of such systems and
their applicability in real-world occupations. Conversational Al
is increasingly used in education by both students and educators:
students rely on tools like ChatGPT for information seeking, con-
tent generation, and language refinement, and they often use these
systems for both academic and personal tasks (sometimes prioritiz-
ing the latter) [2, 12, 25]. Industry reports align with this pattern,
suggesting students primarily use Claude for coursework support,
whereas educators use it for curriculum development, grant writ-
ing, and assessment preparation [3, 14]. In software engineering,
developers use LLMs for code generation, debugging, task guid-
ance, and conceptual learning, with large-scale evidence showing
ChatGPT becoming integrated into development workflows and
pipelines [20, 23]. At the same time, researchers have been exam-
ining the motivations for using them and their impact. Skjuve et
al. [31] conducted surveys with early adopters of ChatGPT, finding
that the main motivations for using it are productivity, novelty,
creative work, learning and development, entertainment, and social
interaction and support. Interacting with conversational Al systems
can lead to dependence on such systems and affect well-being [26],
enhance creativity [25], and alter cognitive effort [22], as some
users treat Al as a mental health resource [29].

3 Collection of INVIVOGPT dataset

Measuring how people use conversational Al remains challeng-
ing. Survey-based studies show that factors such as trust shape
adoption [9], but they also suffer from biases, including systematic
underreporting due to social desirability concerns [24]. This makes
it essential to complement self-reports with behavioral data, such
as real conversations and interactions. Independent resources like
the WiLDCHAT dataset [40] provide valuable access to user—AlI ex-
changes, but they are limited by the observer effect, as people often
change their behavior when they know their interactions are being
recorded for research [30]. In this work, we aim to overcome these
limitations by building on recent approaches that leverage GDPR-
based data donations [5, 19, 35-37]. Below, we describe our dataset
(INVIvoGPT) and compare it to alternatives such as WildChat.
INVivoGPT Data Collection. Under Article 15 of the GDPR, indi-
viduals have the right to access the personal data that companies
process about them. In the case of ChatGPT, individuals can exer-
cise their right and obtain their conversation histories, which can
subsequently be donated for research purposes. To recruit partici-
pants for our study, we use the crowdsourcing platform Prolific [27].
We used Prolific’s filters to get participants who self-reported that
they use ChatGPT. Participants were also required to have at least
100 conversations and maintain at least 90 days of activity on Chat-
GPT. In total, we collected data from 300 users, primarily from the
United States (49.7%) and Europe (51.3%). See Appendix A for more
information on the demographics.

Motivated by prior work [37], we implemented our own data do-
nation website to collect user data. Participants were provided with
detailed guidelines on how to request and donate their ChatGPT
data by exercising their GDPR right of access [11]. The data included
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files containing user profile details (e.g., name, phone number, email
address, etc.), conversations (user inputs, ChatGPT responses, and
associated metadata such as conversation ID, message ID, creation
time, model used, and content type), shared conversations (list of
conversations shared with others), message feedback (list of model
responses rated by the user), and other files (e.g., PDFs and im-
ages uploaded by the user or generated by ChatGPT). Donation of
conversation data was mandatory, while other types of data were
optional. Importantly, we did not collect the file containing the user
profile details. Followed by the data donation, the participants were
asked to fill out a survey. Refer to Appendix A for the survey and
the compensation details. The data collection period spanned from
July 2025 to January 2026, and the dataset — INVIVOGPT - comprises
138K conversations and 825K turns from 300 participants, between
December 2022 and January 2026.

Ethical considerations. While our data collection excludes the
file with the profile information, the conversations themselves may
still contain personal information that could reveal a participant’s
identity. Hence, this study was conducted with careful attention to
ethical considerations and is approved by the ERB in our institution.
Participants were informed about the risks associated with the
donation of ChatGPT data. Then, they provided explicit informed
consent to share their data. These donated datasets are stored on
secure servers, are not shared with any third parties, and, following
the ERB suggestions, we will delete the dataset within 3 years of
completion of this research project.

Comparison of INVIvoGPT with existing datasets. In Appen-
dix B, we situate INVIVOGPT against prior conversational datasets
and clarify their limitations for studying how human-ATI interac-
tions evolve. SHAREGPT [8] consists of user-selected exports and
capture disconnected snapshots rather than continuous histories,
making it ill-suited for evolution analyses. WILDCHAT [40] spans
a longer collection period, but because users interact through a
service that explicitly shares conversations, it is susceptible to the
observer effect [30] and may not reflect natural use. Our appendix
analysis, therefore, focuses on comparable WiLDCHAT “power users”
and shows that INVIVOGPT contains denser and more sustained
engagement (e.g., more turns per conversation and longer conver-
sation durations over longer activity windows), better supporting
longitudinal analyses of how interaction practices evolve.

4 Annotation of INVIvoGPT dataset

Here, we describe how we annotate the INVIvOGPT dataset to
identify: (1) the topic of the conversation; (2) anthropomorphiz-
ing behavior; (3) the relationship between the user and ChatGPT;
(4) personal data mentioned per turn; and (5) who is steering the
conversation. To annotate the data, we leverage the power and
knowledge of LLMs [15]. Specifically, we relied on GPT-40, a model
from OpenAl within the same model family that the participants
had originally disclosed their conversations to, which ensures that
our analysis did not introduce any additional disclosures beyond
those already made by users. Also, we used the EDU workspace of
OpenAl which ensures data is not used to improve the models. We
provide the prompts in the code release.

Topics. First, we instructed GPT-40 to produce a concise description
of the main topic of each conversation. These free-text topic labels



WWW °26, April 13-17, 2026, Dubai, United Arab Emirates

were then embedded using al1-MinilLM-L6-v2 and clustered using
BERTopic [13], which enabled us to create semantically similar
topics. Using BERTopic, we generate a set of 99 topics; these were
grouped qualitatively by two authors of this work. Ultimately, we
have a set of 40 high-level topics.

Anthropomorphism. We identify two forms of anthropomorphiz-
ing behavior: (1) participants seem to anthropomorphize the system,
in which they are attributing human-like characteristics to Chat-
GPT, and (2) system-generated anthropomorphization, in which Chat-
GPT is behaving or presenting itself as a human. The lead author
annotated 50 conversations to derive linguistic cues when partici-
pants seem to be anthropomorphizing the system. These indicators
include: (1) usage of second-person pronouns referring to ChatGPT
(e.g., “you,” “your”); (2) politeness markers (e.g., “please,” “kindly”);
(3) slangs, fillers or informal tone (e.g., “uh,” “ugh,” “lol”) and (4) ca-
sual engagement (e.g., greetings or any non-instructional messages).
We instructed GPT-4o0 to annotate each human message to iden-
tify these linguistic behaviors. Next, to identify system-generated
anthropomorphization, we instructed GPT-4o to annotate the Chat-
GPT messages to identify the linguistic behaviors listed in prior
works [18], which include the use of first-person pronouns, show-
ing empathy, etc. For each message, GPT-40 identified whether
anthropomorphic behavior was present and, if so, specified the
linguistic behavior and the corresponding instance in the message.
Relationship. For the relationship dimension, we prompted GPT-
40 with the entire conversation, and we asked it to determine,
per conversation turn, whether users are using ChatGPT as an
advisor, an assistant, or a companion. These roles reflect underlying
power dynamics: in the advisor role, ChatGPT is positioned as
superior, offering expertise or guidance; in the assistant role, it is
subordinate, following instructions and carrying out tasks; while
in the companion role, it stands on a more equal footing, engaging
in social or empathetic interactions. In order to capture role shifts
within the conversations, the annotation is done at the turn level,
rather than assigning a single static label to the entire conversation.
Personal data. For personal data, we annotate conversations at
the level of individual turns. To ensure that only human disclosures
were analyzed, we provided GPT-4o0 exclusively with messages from
humans. The annotation followed the GDPR distinction between
two categories of data: (1) personal data as defined in Article 4(1),
which includes identifiers such as names, contact information, demo-
graphic attributes, or economic details; and (2) special categories of
personal data as defined in Article 9(1), which cover more sensitive
attributes such as racial or ethnic origin, political or religious beliefs,
health information, or sexual orientation. For each turn, GPT-40
assessed whether personal data were present and, if so, specified
both the type of data and the exact instance disclosed.
Conversational steering. We conceptualize conversational steer-
ing as instances in which the conversational Al system introduces
a follow-up question or requests additional information at the end
of its response. Our objective is to classify each conversation turn
(system, user pair) according to whether the system (1) success-
fully steers the conversation, (2) attempts to steer but the user
does not follow the suggestion, or (3) does not attempt to steer
at all. We operationalize this as a textual entailment task inspired
by natural language inference. In our formulation, the premise
consists of the system’s message followed by the user’s reply. We
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Figure 1: (a) Distribution of the topics in the INVIvoGPT
dataset, (b) Diversity of topics per participant over time.

then construct a hypothesis stating that the user either accepts the
system’s proposed follow-up or provides the requested informa-
tion. Using GPT-40, we label each turn as entailment (successful
steering), contradiction (steering attempt rejected), or neutral (no
steering attempt). At the conversation level, we label a conversation
as entailed if it contains at least one entailed turn; as contradicted if
it contains no entailed turns but includes at least one contradictory
turn; otherwise, we label it as neutral. Since identifying conver-
sational steering requires observing whether user responses to a
system-initiated suggestion, our analysis is restricted to multi-turn
conversations (conversations with more than one turn).
Validation. To validate the performance of GPT-40, a random
sample of 50 conversations containing 262 turns (different from the
sample used to derive the linguistic cues for anthropomorphism)
was annotated by two authors of this work, with a third one solving
the disagreements. On average, the inter-annotator agreement score
and the accuracy are 83.8% and 76.8% across all classification tasks.
See Appendix C for more details. For our analysis, we considered
data from January 2023 to October 2025, as other periods lacked a
sufficient number of active users; hence, our analysis is based on
135K conversations and 756K turns.

5 RQ1 - Conversational purpose

This section examines the various purposes for which people rely
on conversational Al systems by analyzing the topics of the conver-
sations. Understanding these purposes (through topics) provides
insights into the users’ informational needs and the context in
which they engage with such systems. Figure 1a shows the top 15
topics (out of 40) identified in the INVIvoGPT dataset. The most
prominent category is Health (10.1%) followed by Finance (9.4%),
Roleplay (6.4%) and Mental Health (5.7%). Refer to Figure 9 (in Ap-
pendix E.1) for the remaining topics.

To better understand user behavior within these topics, we man-
ually examined the first user query across 50 random conversations
per topic. We observe that within the Health domain, participants’
queries span from taking advice on concerns, such as weight loss,
skin care, to more sensitive inquiries, including medication dosages,
as well as interpretations of symptoms and potential diagnoses.
Queries related to Finance include tax calculations, credit manage-
ment, and investment decision-making. In Mental Health category,
participants tend to seek emotional support, relationship advice
and coping strategies for conditions such as anxiety and depression.
Meanwhile, the Politics & History category encompasses questions
that span factual historical clarifications to analyses of ongoing
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political events. Together, the breadth and depth of these topics,
from medical concerns, financial uncertainty, emotional support to
political interpretation, demonstrate the expanding role of conver-
sational Al systems across diverse domains.

Temporal evolution. Next, we study, at the user level, the increase
in diversity of topics over time. The diversity of topics of user en-
gagement is meaningful because it reflects how central ChatGPT
becomes in their daily life: a user who relies on it for only one topic
(e.g., programming), uses it as a specialized tool, whereas a user
who depends on it for programming, health, cooking, and personal
advice is treating it as a general-purpose partner. Therefore, study-
ing the diversity of topics over time per user may indicate how
dependent users become on ChatGPT and how much they may
trust it. When people turn to the system for a wider range of topics,
and especially sensitive ones like health and mental health, it can
be a signal of growing trust and reliance. As shown in Figure 1b, the
diversity of the topics (measured using Shannon diversity) increases
steadily over time, with a marked rise after the release of GPT-4o.
Specifically, it increases from approximately 1.0 in May 2024 to 1.7
by mid-2025. This observation indicates that participants are using
ChatGPT for a wider range of purposes, likely indicating a deeper
integration into everyday routines.

Such a sharp rise in topical diversity post the release of GPT-
40 motivated us to analyze the variation in topical distribution
across the prevalent default underlying models in our dataset: Text-
davinci (GPT-3.5) and GPT-4o. Figure 10 (in Appendix E.2) shows
the distribution of topics in INVIvoGPT dataset with respect to the
underlying model. We observe that, relative to GPT-3.5, GPT-40
shows a noticeable decrease in Programming (-52%), Math (-36%),
Job Search (-52%) topics, accompanied by an increase in Health
(+33%), Roleplay (+186%) and Mental Health (+19%) topics. These
observations indicate that as the system is evolving, so are par-
ticipants: while they initially use the system for a narrow set of
applications, gradually they start using ChatGPT for more sensitive
and high-stakes topics.

6 RQ2 - Conversational framing

With the increasing reliance of users on diverse purposes, it is es-
sential to understand how users frame these interactions to form a
relationship with conversational Al systems. To understand this,
we operationalize framing based on: (1) the degree of anthropo-
morphization; (2) the human-Al relationship; and (3) disclosure of
personal/sensitive information.

6.1 Anthropomorphization

We analyze each user message to determine whether they anthropo-
morphize the system, and for each system message, whether it con-
tains system-generated anthropomorphization. In the INVIvoGPT
dataset, we find that 22.5% of participants messages exhibit poten-
tially anthropomorphic behavior, with 71.7% involving usage of
second-person pronouns, 17.5% with politeness markers, 13.4% re-
flecting casual engagements, and 7.5% including slangs, fillers, or
informal tone. In contrast, 47.1% of system messages displayed an-
thropomorphic behavior, with 66.8% using personhood claims such
as first-person pronouns, 36.6% had expressions of internal states
(e.g., “T am glad”), and 9.3% showed relationship-building behavior
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(e.g., “I am so sorry you are going through this”). These findings
indicate that system-generated anthropomorphization occurs more
frequently than participants anthropomorphizing the system. We
also examine how anthropomorphization varies across topics and
find it to be similar across topics (see Figure 11 in Appendix F).
Temporal evolution. Figure 2 shows the temporal evolution of
anthropomorphism in INVIvoGPT interactions. We observe that
participants consistently tend to anthropomorphize ChatGPT in
20% to 30% of the conversation turns across the timeline. At the
same time, we find that ChatGPT consistently anthropomorphizes
itself at higher rates than participants do. Concerningly, this system-
initiated anthropomorphism substantially increases over time, es-
pecially after mid-2024, we observe an increase from 30% to around
60% by the end of our dataset. The widening gap between partic-
ipant and system behavior suggests that the conversational envi-
ronment is becoming progressively more anthropomorphic due to
changes in the model’s outputs rather than shifts in user behavior.
Implications. This divergence has important implications for how
relational dynamics unfold in human-Al interactions. As the system
increasingly adopts human-like framing by default, it may subtly
drift users into more social or relational modes of engagement,
even when users themselves do not initiate such framing. Over
time, these anthropomorphizing cues can recalibrate expectations
about the system’s agency and emotional capacity, potentially nor-
malizing more companion-like interpretations of Al behavior. This
shift is particularly consequential because anthropomorphic lan-
guage is not only stylistic: it functions as a relational signal that
shapes how users understand the role and capabilities of the system.
Consequently, growing system anthropomorphism necessitates a
deeper examination of human-Al relationship framing.

6.2 Relationships

Here, we examine the relationships between participants and Chat-
GPT. Overall, in the INVIvoGPT dataset, we find that in 47.6% of the
conversation turns, participants attribute ChatGPT the role of an
advisor, an assistant in 38.1%, and a companion in 14.2%. This distri-
bution highlights that participants most often position ChatGPT in
a superior advisory role, while still frequently relying on it for task
support, and only occasionally engaging with it as a companion.

Temporal evolution. Beyond aggregate distributions, it is impor-
tant to understand how different participants perceive and use Al
in particular roles over time. We therefore study three aspects of
relational dynamics over time. (1) We examine whether a larger
fraction of participants tend to engage with ChatGPT as either
an advisor, an assistant, or a companion. For each month in our
dataset, we calculate the percentage of participants who used Chat-
GPT across each role (at least one turn). This analysis enables us to
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Figure 3: Temporal evolution of relationships in INVIvoGPT.
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Figure 4: Topical distribution across relations in INVIvoGPT.

observe whether certain Al roles are being increasingly used over
time. (2) We analyze the extent to which each participant makes
ChatGPT engage in these three relationships over time by measur-
ing the mean number of conversation turns per user per role. This
sheds light on how intensely users rely on ChatGPT in various roles.
(3) We investigate the depth of the conversations across the three
roles by measuring the average number of turns per conversation.
This reveals whether conversations tend to be longer across roles.

Figure 3 presents our results across these three perspectives.
Figure 3a shows the percentage of participants who engaged with
ChatGPT in each relationship over time. Two clear patterns stand
out. First, advisor and assistant roles are consistently dominant,
with more than 80% of the participants in our dataset using them
every month. Second, the companion role, although always less
prevalent, has shown notable growth over time. After May 2024 (the
introduction of GPT-40), companion use rises steadily, increasing
from around 40% to nearly 70% of the participants by mid-2025. This
growth indicates that while ChatGPT is primarily used as a tool
for guidance and task support, it is increasingly being treated as a
social partner. The rise accelerates after the introduction of GPT-
40, which added multimodal and audio capabilities. These features
made interactions more natural and conversational, encouraging
more participants to engage with ChatGPT in companion-like ways.

When looking at how participants distribute their conversation
turns across the three roles over time (see Figure 3b), we find that
in most turns, participants are consistently attributing ChatGPT
as an assistant or advisor. The companion role is less frequent;
however, it shows a gradual increase over the time period of our
dataset. Specifically, by May 2024, the average percentage of con-
versation turns per participant was 5.7%, while by mid-2025, it was
9.1%. With respect to conversation depth, measured as the number
of turns per conversation (see Figure 3c), we observe that advisor

and assistant roles consistently sustain longer exchanges before
the introduction of GPT-40, while companion conversations are
initially shorter and fragmented. However, over time, the depth
of companion interactions steadily increases, and by mid-2025, it
reaches a level comparable to other roles. This suggests that partici-
pants are sustaining companion interactions for longer, signaling a
gradual normalization of companion-like use alongside other roles.
Roles X topics. Figure 4 shows the distribution of top 15 topics (out
of 40) across the three roles. For assistant, the majority of the con-
versations are task-oriented: email drafting accounts for roughly
11.3% of the conversations, languages (11%) (usually translation
tasks), art generation (9%) and job search (6.9%) This underscores
that participants attribute ChatGPT as an assistant when it is used
as a productivity tool for a wide variety of tasks. In contrast, for
companion, we observe a significantly different use across topics,
with the most popular topics being roleplay (43.3%) and mental
health (24.3%). The high percentage of mental health conversations
in the companion relationship shows that when participants frame
ChatGPT as a social partner, they often turn to it in moments of
vulnerability and for support with highly sensitive topics. At the
same time, these results reveal the emerging role of conversational
Al systems as an accessible source of emotional support, empha-
sizing the need to better understand interactions between AI and
humans that are related to mental health. Finally, for the advisor
relation, the most frequent topics are health (20.8%) and finance
(15.7%) followed by a uniform distribution across the various topics.
This suggests that users call on ChatGPT for guidance in a wide
range of domains. This likely indicates that users perceive ChatGPT
as a versatile source of advice that can be applied both across tech-
nical and non-technical areas, from finance and health to politics,
history, and troubleshooting. While this versatility highlights the
broad use of conversational Al systems perceived as advisors, it
also raises some noteworthy concerns: Do users apply the same
level of trust to advice on personal health or financial decisions
as they do in low-stakes topics like cooking? Answering such a
question is beyond the scope of the current work.

Roles X anthropomorphization. We examine how anthropomor-
phization varies across relationships and find that, as expected, both
participants and the system anthropomorphize more frequently in
companion interactions. The full result is in Appendix F (Figure 12).

6.3 Personal data disclosure

With the evolving relationship between humans and conversational
Al systems, next, we study personal data disclosure as it offers a
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Figure 5: % of conversations/turns that include personal data
disclosures across relationships and topics in INVIvoGPT.

measurable behavioral indicator of how users interpret, engage,
and frame their interactions with these systems. Analyzing the
prevalence of personal data in ChatGPT interactions, we find that,
in our dataset, participants revealed some personal data in 35% of
the conversations, with 22% of all conversation turns including
some form of personal data. Next, we examine the specific types of
personal data that are disclosed (see Figure 13 in the Appendix G
for the full results). We find that personal data disclosure is spread
across a wide range of categories, with the most frequent being lo-
cations (12.9% of turns), family/friends information (12.8% of turns),
health information (11.7% of turns), business or project information
(11.5% of turns) and personal views and feelings (10.7% of turns).
Less common, though still a non-negligible percentage, are disclo-
sures related to economic or financial information, relationships,
and mental health. Overall, these findings show that the disclosure
of personal data from individuals to ChatGPT is not a rare phe-
nomenon, raising important questions about user privacy and how
this sensitive information is used for personalization purposes in
conversational Al systems.

Beyond analyzing overall disclosure rates, it is important to un-
derstand when and in which context users share personal data. To
this end, we analyze variation in personal data disclosures across
(1) relationships users attribute to ChatGPT, and (2) conversation
topics. We aim to see how the relationship and context shape the
likelihood of users divulging personal data. Figure 5 reports the
percentage of conversation turns that include personal data across
relationships and topics. Companion interactions stand out as the
most prone to disclosure of personal data, with more than 35% of
the turns involving participants revealing personal information,
compared to only 18%-20% in advisor and assistant. Personal data
disclosures vary by topic: it is especially common in sensitive do-
mains such as mental health, where more than half of conversations
involve personal data. Similarly, for the health topic, 51% of the con-
versations include personal data. Notably, for the topic Job Search
and Email Drafting we observe a significant disclosure of personal
data (>50%) which indicates that people may reveal personal data
when asking ChatGPT to undertake some tasks (e.g., disclosing
names for email writing or background details for searching jobs).

Our findings highlight that disclosure of personal data is not a
uniform behavior; it is conditioned by the relationship and topic,
with companion-like roles and sensitive topics creating situations
where participants are more prone to revealing personal data.
Evolution of personal data disclosure. While overall disclosure
rates reveal where and when personal data is revealed, they do
not capture how disclosure behavior evolves as users continue
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Figure 6: Evolution of personal data sharing in INVIvoGPT.

(b) Diversity in personal data.

interacting with ChatGPT. Here, we aim to study the temporal di-
mension, which will allow us to observe whether people become
more comfortable and disclose more personal data over time. This
perspective is essential for understanding how habits, reliance, and
trust in conversational Al systems change over time. We study this
phenomenon by calculating: (1) the percentage of participants that
reveal personal data over time, and (2) the diversity of different
personal data types that are revealed per participant over time (see
Figure 6). We observe that early in the dataset, between 60% and
70% of participants disclosed personal information in their con-
versations. After the release of GTP-4o, this percentage steadily
increases, reaching over 90%. Similarly, on the diversity of personal
data revealed over time, we observe that in 2023 the diversity is
around 1.2 and it has increased to 1.8.

Implications. Together, these findings suggest that disclosure be-
comes both more common and diverse over time, pointing to po-
tentially deepening trust in the system, but simultaneously raising
concerns about user vulnerability and the adequacy of safeguards
for handling sensitive information.

7 RQ3 - Conversational steering

With the growing reliance and evolving relationship between hu-
man and Al interactions, next, we analyze conversational steering.
We find that 18.3% of conversational turns are entailed (participants
successfully steered by the system), 24.6% are contradicted (steering
attempt failed), and 57.1% are neutral (no steering attempt). At the
conversation level, the distribution is 30.1%, 30.2%, and 39.7% for
entailed, contradicted, and neutral, respectively. Figure 7a compares
the distribution of steering outcomes across relationships. We ob-
serve that companion interactions exhibit the highest proportion
of entailed conversations (42.3%), suggesting that participants in
personal or emotionally oriented conversations are more likely to
follow model suggestions. Assistant conversations show a balanced
mix of entailed (34.4%) and contradicted (30.1%) conversations, re-
flecting a more task-oriented dynamic in which participants se-
lectively accept or reject recommendations. Interestingly, advisor
conversations contain the lowest share of entailed conversations
(25.3%) and the highest rate of contradiction (55.6%), indicating
that participants use ChatGPT as an expert for advice. In Figure 7b
and 7c, we observe that entailed conversations are tied to higher sys-
tem anthropomorphization (> 80%) as well as to higher disclosure
of personal data (~ 60%). Surprisingly, even when contradicting
the system’s suggestions, participants disclose personal data in
approximately ~ 40% of cases.

Temporal evolution. We study the temporal evolution of con-
versational steering across three perspectives: (a) whether users
experience steering from the conversational Al system at all, (b) the
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Figure 8: Temporal evolution of steering in INVIvoGPT.

prevalence of steering in conversation turns, and (c) changes in
conversation depth over time. Figure 8 illustrates our results across
these three perspectives. We observe that a growing share of par-
ticipants experience at least one conversation in which the system
attempts to steer, and critically, this share increases after the release
of GPT-4o (Figure 8a). In particular, after GPT-4o, the proportion
of participants with at least one entailed conversation steadily
increases, converging with the proportion of participants with con-
tradicted conversations by early 2025. This result indicates both
the rise in conversational steering and that more participants are
following the model’s suggestions.

These results are reinforced when looking at the prevalence of
entailed, contradicted, and neutral conversation turns (Figure 8b)
over time. The mean percentage of turns that are entailed exhibits
a shift following GPT-40. Before the release, only 11% of the con-
versations contained a successfully steered turn. After, GPT-40
this proportion increases to almost 50%, suggesting that the up-
dated model initiates follow-up suggestions more frequently and
participants are more likely to respond in-line with the model’s
suggestions. Neutral conversations remain the majority throughout
the period, but their dominance declines post-GPT-40 release. This
pattern reflects a transition from a passive conversational model
toward one that is more active, as it introduces continuations and
follow-ups. Finally, we sought to determine whether steering might
enhance user engagement by increasing the depth of conversations.
We find that indeed this is the case (see Figure 8c): for conversations
that do involve steering, depth increases especially after GPT-4o.
This correlation suggests that successful steering fosters deeper
and more extended interactions.

Implications. Our findings suggest that newer models are reshap-
ing the conversational dynamic of human-Al interactions, as sys-
tems shift from reactive responders toward more proactive agents.
As steering becomes more frequent and more accepted by users,
we must consider how model-initiated suggestions may influence
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user autonomy, especially when such behavioral shifts arise from
backend updates that users may not notice. Altogether, there is a
need for more transparency and guardrails to ensure that proactive
models support, rather than inadvertently steer, users in possibly
unintended directions.

8 Concluding discussion

In this work, we studied how human-AI interactions evolved over
time by analyzing the INVIvoGPT dataset with ChatGPT traces
donated by 300 users. Our longitudinal analysis reveals clear shifts
in purpose, framing, and steering. Participants expand the purposes
for which they turn to ChatGPT, increasingly consulting it about a
broader and more sensitive range of topics such as health and men-
tal health. At the same time, the framing of interactions changes:
while ChatGPT continues to serve as an assistant or advisor, its
role as a companion grows sharply, spreading across more par-
ticipants, occurring more frequently, and developing into deeper
conversations. Mirroring this, personal data disclosures become
widespread and more diverse, particularly in the companion mode.
Finally, we observe a rise in conversational steering after the re-
lease of GPT-40, with the system increasingly proposing directions
that the participants choose to follow. Our findings have impor-
tant implications for multiple stakeholders. For users, our results
highlight both opportunities and risks of treating ChatGPT as more
than a functional tool, underscoring the need to remain mindful of
when and how sensitive information should be disclosed. For AI
designers, the growing prevalence of companion-like conversations
and model-initiated steering highlights the need for safeguards that
support user autonomy, such as mechanisms for setting conversa-
tional boundaries. For policymakers, our work highlights the need
for policies that address the relational and evolving nature of Al
use to ensure user autonomy and privacy are protected as these
systems become more embedded in everyday life.
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Survey and participant demographics

Our study involved data donation of ChatGPT followed by a survey,
which included questions to understand how frequently partici-
pants use chatbots and the primary purposes for which they rely
on ChatGPT, as well as demographic details about the users. Survey
responses indicated that ChatGPT was most frequently used for
learning and education (71%), followed by daily life and decision
support (67%), entertainment and casual conversations (46%), and
medical advice (45%). When asked about their preferred method for
finding information and a majority of participants (60%) reported
favoring Al tools, while the remainder (40%) indicated a preference
for traditional search engines. The participants were compensated
with $2 for completing the survey, $5 for donating conversations,
$3 for the other files, and $1 each for shared conversations and
message feedback. Table 1 reports the demographic characteristics
and subscription status of the 300 participants in our study. In terms
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Attribute Type Count  Percentage

Female 109
Male 183
Prefer not to say 5
Other 3

36.3
61.0
1.7
1.0

Gender

18-24
25-34
35-44
45-64
65+ 4

19.0
43.7
20.3
15.7

13

Age

49.7
16.7
15.7

8.0
10.0

United States of America
Germany
Ttaly
France
Spain

Country

Yes
No

91
209

30.3

GPT Plus 607

Table 1: Distribution of participants based on their self re-
ported gender, age, country of residence, and GPT Plus sub-
scription status.

Statistic WiLpCHAT - WILDCHAT g Gp
4.8M power users
#Users 2,641,054 300 300
#Conversations 4,743,336 125,495 138,231
#Turns 7,847,456 327,597 825,672
#Conversations/User 1.8 +£247.9 4183 £974.5 460.8 + 531.1
#Turns/Conversation 1.7 +£3.2 2.6 +£6.2 6.0 +17.8
Active Time (days) 2.2 + 269 333.4 +218.7 714.1 £ 292.7
Conversation Duration (h) 0.2 +3.5 0.4 +438 16.6 + 198.7

Table 2: Comparison across the datasets.

of gender, the majority identified as male (61%), followed by female
(36%), with five preferring not to disclose their gender and three
participants selecting “other” The sample is young, with the largest
group aged 25-34 (43.7% participants), followed by 35-44 (20.3%),
18-24 (19%), 45-64 (15.7%), while only four participants were 65 or
older. Participants were primarily based in the United States (49.7%),
Germany (16.7%), Italy (15.7%), France (8%) and Spain (10%). Finally,
30.3% participants reported having GPT Plus subscription.

B INVIvoGPT vs. existing datasets

Datasets such as SHAREGPT [8] and WiLDCHAT [40], have advanced
research on conversational Al systems; however, they have key
limitations for studies focusing on the evolution of interactions be-
tween humans and conversational Al systems. SHAREGPT consists
of user-selected ChatGPT conversations collected via a Chrome
extension, which means it captures isolated exchanges rather than
the longitudinal use of ChatGPT. In contrast, the WILDCHAT dataset
was collected through a third-party chatbot service that utilizes
ChatGPT APIs in its backend. The service has been hosted for
nearly two years (as of September 2025). While this dataset can
theoretically be used for longitudinal analyses, it is subject to the
observer effect [30], as users know in advance that their conversa-
tions will be shared, potentially altering their behavior. As a result,
we argue that neither of these datasets is well-suited for studying
how interactions evolve naturally over time in an ecologically valid
setting. To demonstrate the differences, we compare WILDCHAT
and INVIvoGPT across various dimensions.
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Comparison between INVIVOGPT and WiLpCHAT. Table 2
presents a comparison of our GDPR-based dataset with the WiLp-
CHAT dataset. While WILDCHAT contains over 2.6M users and
nearly 4.7M conversations, most users are extremely sparse in ac-
tivity: around 99% have fewer than 10 conversations, and nearly
95% have only a single conversation. Moreover, approximately 95%
of the users are active for less than six months. Only (837) users met
the criteria which we have for the INVIvoGPT dataset, i.e., have at
least 100 conversations and 90 days of activity. We call the users
“power users.” To enable a fair comparison with INVIvoGPT, we
randomly sample 300 power users (out of 837 users).

When compared to these power users, our INVIVOGPT dataset
shows some notable differences. Although WiLDCHAT power users
have a comparable number of conversations (125K vs. 138K), the
total number of turns is less than half (327K vs. 825K). This differ-
ence reflects the structure of conversations: our dataset has nearly
twice as many turns per conversation on average (6 vs. 2.6). In
addition, our participants engage in substantially longer conver-
sations (16.6 hours vs. 0.4 hours on average) and sustain activity
over longer periods (714 days vs. 333 days). Taken together, these
statistics suggest that our dataset captures more continuous and
in-depth interactions, making it especially well-suited for studying
the longitudinal evolution of ChatGPT use.

C Validation

To validate the performance of GPT-4o in the tasks listed in Sec-
tion 4, we extracted a random sample of 50 conversations (262 turns).
These conversations were annotated by two authors of this work,
with a third one solving the disagreements. For topics, annotations
were done at the conversation level. For anthropomorphization,
annotations were done at the message level (i.e., each message from
humans and each response of ChatGPT individually). For the rela-
tionship, personal data and steering, annotations were conducted
at the turn level. For each label, we relied on the labels of the first
two annotators. In cases where their annotations differed, the third
annotator’s decision was used to resolve the disagreement and de-
termine the final label. We report the inter-annotator agreement
score and the accuracy obtained in Table 3. Note that many of these
annotations are highly subjective; in fact, agreement scores among
annotators are close to the accuracy levels, indicating that human
annotators find the annotations almost as hard as ChatGPT.
Remark. Note that GPT-4o failed to generate responses for conver-
sations that exceeded the input length limit. Also, we encountered
issues while parsing some of the outputs, as they were in invalid
formats. In total, we had valid responses for 137,985 conversations.
For our analysis, we considered data from January 2023 to October
2025, as other periods lacked a sufficient active users; hence, our
analysis is based on nearly 135K conversations and 756K turns.

D Limitations

Our study has two main limitations. First, while our dataset is quite
rich, it includes a relatively small number of users (300). However,
the goal of this work was not to produce exact population-level
estimates but to uncover trends and highlight emerging risks in the
evolution of human-Al interactions. The insights we provide should
therefore be read as indicative of broader dynamics rather than as



Bowling with ChatGPT

Task Cohen’s k (%)  Accuracy (%)
Topics 713 70.0
Anthropomorphization (User) 85.2 82.0
Anthropomorphization (ChatGPT) 96.7 83.0
Relationship 78.0 72.0
Personal data 88.3 79.0
Steering of conversation 83.4 75.0

Table 3: Inter-annotator agreement scores (Cohen’s k) and
accuracy of the GPT-40 annotations for different labels.
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Figure 9: Distribution of topics in the INVIvoGPT dataset.

precise measurements. Second, our annotations relied on GPT-40
to classify topics, anthropomorphization, relationships, personal
data and steering. Although this approach enabled scalable and
consistent analysis, the model is not perfect and may mislabel
some cases. We mitigated this limitation by validating subsets of
the annotations, but future work should strengthen this process
through complementary annotation strategies.

E Conversational purpose

E.1 Topics in the conversation

Figure 9 shows the remaining topics in INVIVOGPT conversations.

E.2 Temporal evolution of topics with models

We examined how topical needs of the users are evolving over
time. Understanding this ongoing evolution is important because
it reflects changing patterns of reliance on conversational Al sys-
tems. To understand this evolution, we analyze variations in topic
distributions across different underlying models. Earlier interac-
tions were dominated by text-davinci (a GPT-3.5 version), which
remained the primary model used until May 2024, after which GPT-
40 got widely adopted by users. To capture this shift, we compare
the topical distributions associated with each model.

Figure 10 shows the distribution of topics in INVIvOGPT dataset
with respect to the underlying model. We observe that, relative
to GPT-3.5, GPT-40 shows a noticeable decrease in Programming
(-52%), Math (-36%), Job Search (-52%) topics, accompanied by an in-
crease in Health (+33%), Roleplay (+186%) and Mental Health (+19%)
topics. This shows that as the systems are evolving, participants are
increasingly using them for more sensitive and high-stakes cases.

F Anthropomorphization

Variation with the topic. Figure 11 shows broadly similar levels
of anthropomorphism observed across all the topics.

Variation with the relationships. Figure 12 shows more frequent
anthropomorphization in companion interactions.
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Figure 11: Variation of anthropomorphism across topics.
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Figure 12: Anthropomorphism across relationships.

Figure 13: Types of personal data disclosed in INVIvoGPT.

G Personal data disclosure

Figure 13 shows the distribution of personal data types disclosed
by users in their conversations.

Variation with system-generated anthropomorphization. Users
disclosed personal data more frequently when the system exhibits
anthropomorphic behavior (26%) compared to when it did not (20%).
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