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Abstract
The capability of GenAI-based chatbots, such as ChatGPT and Gem-
ini, has expanded quickly in recent years, turning them into GenAI
Chatbot Ecosystems. Yet, users’ understanding of how such ecosys-
tems work remains unknown. In this paper, we investigate users’
mental models of how GenAI Chatbot Ecosystems work. This is an
important question because users’ mental models guide their behav-
iors, including making decisions that impact their privacy. Through
21 semi-structured interviews, we uncovered users’ four mental
models towards first-party (e.g., Google Gemini) and third-party
(e.g., ChatGPT) GenAI Chatbot Ecosystems. These mental models
centered around the role of the chatbot in the entire ecosystem. We
further found that participants held a more consistent and simpler
mental model towards third-party ecosystems than the first-party
ones, resulting in higher trust and fewer concerns towards the third-
party ecosystems. We discuss the design and policy implications
based on our results.
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1 Introduction
Generative Artificial Intelligence (GenAI) Chatbots have rapidly and
undeniably become a ubiquitous presence in the past two years, rev-
olutionizing how we interact with technologies and making inroads
into countless aspects of our daily lives [2, 18, 18, 24, 31, 40]. It has
the capability to generate new content, whether it be text, images,
audio, or other forms of data by learning patterns and structures
from existing data [4, 18, 24, 46, 50, 55, 62]. Recent advancements in
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GenAI chatbots have enabled expanded functionalities (e.g., book-
ing hotels, and searching videos) through extensions or plugins.
For example, Gemini can interact with other Google products via
Gemini Apps (previously known as Bard Extensions) [21]. ChatGPT
could expand its capability via GPT Actions (previously known as
GPT-4 plugins) [51]. These developments illustrate the emergence
of “GenAI chatbot ecosystems”—a comprehensive network of ser-
vices and entities involved in user interactions with the chatbot. In
this paper, we define “GenAI chatbot ecosystems” as a concept of
a platform that includes expanded capabilities of a typical GenAI
chatbot. It consists of a chatbot and first-party and third-party plu-
gins that extend its capabilities, enabling tasks like hotel bookings,
video searches, and more. Such types of GenAI chatbot ecosystems
are developing at an astonishing speed and their capabilities are
rapidly expanding. For example, at the time of this research, Chat-
GPT supported plugins to expand its capability. Later on, the plugin
feature turned in the Action. Nevertheless, most GenAI chatbots
are actively exploring ways to expand their capabilities and moving
towards the concept of the GenAI chatbot ecosystems. For brevity,
we use the term “chatbot ecosystem” to denote “GenAI chatbot
ecosystem,” and use “chatbot” to denote “GenAI chatbot” in the
remainder of this paper.

This rapid AI proliferation, however, is a double-edged sword [12,
18, 31, 47]. The extensive and often unnoticed collection and uti-
lization of personal data by chatbot ecosystems pose significant
privacy risks [12, 14, 18, 37, 71]. Users of AI-powered applications
(e.g., chatbots) often find themselves at a crossroads, enjoying the
benefits of these smart systems while being threatened by the pri-
vacy issues from AI [37, 71]. When considering the chatbots from
an ecosystem perspective, we notice a significant knowledge gap.
Prior work has suggested users’ understanding of how their data
is used by large language model-based conversational agents and
their privacy concerns [71]. However, the expanded capabilities
of chatbot ecosystems introduce nuances regarding the entities
involved, data flow among the entities, and users’ privacy concerns
regarding the overarching ecosystem. In a sense, users are not aware
of how chatbot ecosystems work [20, 32, 71, 72]. As chatbot ecosys-
tems become increasingly intricate and dynamic [5], it is essential
to thoroughly examine users’ understanding of how these systems
operate, their perceptions of data flow, the roles various entities
play in the ecosystems, and their associated privacy concerns.
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To study this question, we adopt a mental model approach in
this paper. Mental models relate to users’ understanding of how a
system works. A similar approach has been widely used in privacy
and security research [1, 3, 9, 29, 63, 68]. Wash studied users’ mental
models of home computer security and argued that “to understand
the rationale for people’s behavior, it’s important to understand the
decision model that people use [63].” Inspired by this line of work,
in this research, we aim to uncover users’ mental models of chatbot
ecosystems. Our research questions are as follows:

RQ1:What are users’ mental models of data flow when using
chatbot ecosystems?

RQ2: What are users’ privacy concerns while using the chatbot
ecosystems?

RQ3:What privacy notices and controls do users expect in chat-
bot ecosystems?

We conducted a semi-structured interview study with 21 partici-
pants and examined their mental models of two representative types
of chatbot ecosystems, the first-party ecosystem (i.e., the chatbot
and expanded features are developed by the same company, such
as Google Gemini) and the third-party ecosystem (i.e., the chatbot is
developed by a company and the expanded features are developed
by different companies, such as ChatGPT). We identified four types
of mental models that centered on the role of the chatbot in the
entire ecosystem. For example, participants who held the “Represen-
tation” model believed that the chatbot was a representation of its
parent company. Our results also suggested that while participants
had complicated mental models towards the first-party ecosystems,
their mental models towards the third-party ecosystems were very
consistent and simple, resulting in their overall higher trust level
toward third-party ecosystems compared to first-party ones. This
is an important finding because users generally put more trust on
first-party entities than on third-party ones.

This paper makes two main contributions. First, we identified
four distinct mental models of chatbot ecosystems that our partici-
pants held. We further observed the connection between partici-
pants’ mental models and their perceived trust level toward chatbot
ecosystems. We concluded that our participants indicated a higher
trust level and fewer concerns towards third-party chatbot ecosys-
tems compared to first-party ones. Second, we drew design and
policy implications and discussed opportunities for future research.

2 Related Work
This research was conducted based on previous studies in three
areas: mental models of privacy and security, privacy issues of
chatbot ecosystems, as well as privacy notice and choice in chatbot
ecosystems.

2.1 Privacy Issues of GenAI Chatbots
GenAI chatbots are regarded as generative AI applications that
can use human-like natural language based on Large Language
Models (LLMs) to communicate with people [16]. They have been
applied to a wide range of fields, including marketing, medical
care, service industry, education, entertainment, banking, real es-
tate, etc [2, 40]. The AI ecosystem is intricate and dynamic [5],
presenting not only convenience but also potential risks, most

notably privacy violations, discrimination, accidents, and politi-
cal manipulation [12]. Zhang et al. summarized various privacy
risks introduced by chatbots, such as memorization and extrac-
tion risks, and overreliance and overdisclosure with human-like
chatbots [71]. They also found that people were pessimistic about
privacy protection when using chatbots because they believed that
“you can’t have it both ways” [71]. Cheng et al. demonstrated that
users’ perceived privacy risks negatively impacted their satisfac-
tion with chatbot services. The satisfaction was logically divided
into four categories: information, entertainment, media appeal, and
social presence [14]. Nicolescu et al. identified three main influ-
ential factors of user experience when interacting with chatbots,
containing functional, systematic, and anthropomorphic features
of chatbots [49]. Among these influential factors, people’s trust in
LLM-based conversational agents (CAs) and their willingness to
disclose their privacy were highly correlated with the anthropomor-
phism level of CAs [20, 26, 73]. For example, Ischen et al.’s analysis
revealed that higher perceived anthropomorphism in chatbots led
to reduced privacy concerns, increased comfort in information dis-
closure, and stronger attachment to chatbot recommendations [26].
Other important factors in adjusting people’s trust in chatbots were
tangibility, transparency, reliability, task characteristics, and imme-
diacy behaviors [20].

Overall, the complex chatbot ecosystems bring significant pri-
vacy risks. GenAI chatbots, as integral components connecting
various subsystems, face numerous privacy challenges. While ex-
isting literature acknowledges these risks and users’ pessimism, a
structured and modeled approach to discussing their attitudes is
needed. Our study aims to address this gap.

2.2 Mental Models of Privacy and Security
The mental model method was initially developed and utilized
within the realm of psychology. It was first explicitly applied to
the technical field to describe people’s understanding of networks
and systems [27]. Subsequently, it was adopted across various do-
mains in the field of Computer Science. Within complex human-
machine systems, mental models have been employed to construct
a many-to-one “homo-morphic” mapping. Individuals decompose
intricate systems into several subcomponents, forming smaller mod-
els within their cognitive framework. This process of mental model
construction is recognized as an “imperfect representation”, allow-
ing for the possibility of human error [45]. With the evolution of
Internet technologies, privacy and security researchers have used
the mental model approach to study users’ perceptions of online
risks and threats. For example, Wash proposed eight folk models
of home computer users to categorize their awareness and under-
standing of data security threats. These models comprise four that
are virus-centered and four that are hacker-centered [63]. Camp
studied people’s mental models of computer risks and identified
five potential types, including the physical security model, medical
model, criminal model, warfare model, and market model [10]. Fur-
thermore, Yao et al. conducted a study on people’s understanding
of online behavior advertising and identified four types of mental
models [68]. Additional research has also identified users’ mental
models of the Internet [28, 60], Bluetooth Low Energy beacons [67],
computer warinings [8], and mobile messaging tools [48].
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In the context of GenAI-based systems, Zhang et al.’s work iden-
tified three kinds of user mental models regarding response gen-
eration when using ChatGPT, and two kinds of mental models
regarding improvement and training [71]. While their research
provided valuable insights into users’ risky behaviors, disclosure
tendencies, and the presence of dark patterns, our study takes a dif-
ferent approach by exploring users’ perceptions of data flow when
interacting with chatbot ecosystems, particularly in the context of
using plugins and extended functionalities.

In summary, our research focuses on understanding users’ per-
ceptions of privacy and security when interacting with chatbot
ecosystems. While existing literature provides insights into users’
mental models concerning AI generation and improvement train-
ing, there remains a gap in our understanding of how individuals
perceive the transfer and utilization of their personal information
within the chatbot ecosystems through chatbots. The mental model
approach enables us to synthesize and depict a comprehensive
understanding of individuals’ perspectives on this matter, provid-
ing valuable guidance for the design and enhancement of privacy
protection measures within chatbot ecosystems in the future.

2.3 Privacy Notice and Choice in AI
Privacy notice and choice has been a key principle of information
privacy protection for many years [15]. The purpose of the privacy
notice is to let individuals understand how their personal data is
collected, transferred, stored, and shared by the systems or com-
panies [7, 15, 25, 33, 53] via various channels, such as text, images,
labels, icons, and other multi-media [13, 23, 30, 35, 36, 59, 64, 69, 70].
The transparency brought by privacy notice helps users make in-
formed choice and provide appropriate consent [57]. Habib et al.’s
work broke through the early limitations of using dark patterns
to define the usability of privacy notice, providing an evaluation
structure for the usability of consent interfaces including seven
aspects, and developed twelve design variants of cookie consent
interfaces [22]. The privacy choice covers the capabilities offered
by digital systems, allowing users to exercise control over a wide
range of data [11, 17]. Feng et al. conceptualized privacy choice as
a dynamic process, conducting a user-centered analysis to develop
a comprehensive and applicable design space of privacy choice in
real-world scenarios [17]. Although past studies typically discuss
privacy notice and choice together since they are closely related, the
alignment between them sometimes falls short in practice. In the-
ory, adequate privacy notice facilitates people’s privacy choice [11].
However, in reality, they can be misaligned, as many privacy notice
are ineffective and offer no truly useful choices because of their
attribute limitations and design challenges [11, 15, 17, 56, 57]. Utz
et al. pointed out that striking a balance between furnishing in-
dividuals with transparent notices and establishing a manageable
set of choices is crucial yet challenging when developing a design
space for privacy notice and choice. They also found that the more
privacy choice provided in the notification, the more likely the
user was to decline the cookie consent [61]. Feng et al. outline the
relationships between privacy notice and choice, encompassing
three types: decoupled, integrated, and mediated [17].

Nowadays, most users still regard chatbots as “black-box” be-
cause they do not understand how they really work [19, 32, 54].

Zhou et al. took ChatGPT as an example, pointing out that OpenAI
emphasizes the performance of chatbots in answering questions,
but it is not transparent about what kind of users’ data has been
used, how to use their data to train the models, and who are the
reviewers, etc [72]. However, transparency that reflects the tech-
nologies’ inherent operating rules and logic is key to building user
trust in the systems [20, 54]. The lack of transparency will affect
users’ perception of usability and trust when interacting with AI
systems [20, 32, 72]. As we discussed above, effective privacy notice
can create transparency for users to help them make more mean-
ingful privacy choice [15, 17, 57], thereby enhancing trust in the AI
systems. So far, we found that even though the design of privacy
notice and choice for mobile devices, wearables, and smart home
devices has been discussed, the discussion of privacy notice and
choice in the AI ecosystem is still limited. We will explore this in
addition to this study.

3 Methodology
To answer our research questions, we conducted an interview study
with 21 participants with a mix of in-person and online studies.
In this section, we detail the study methodology. This study is
approved by our university IRB. We also implemented strict data
management rules to ensure the ethical conduct of our research (e.g.,
we collected and stored interview data in our university-approved
cloud services and only allowed access to researchers involved
in this project. All interview data were anonymized to protect
participants’ privacy).

3.1 Participant Recruitment
We recruited in-person participants from a variety of sources, in-
cluding our university mailing lists, local public libraries, and local
Craigslist. We also used Prolific to recruit online participants to
maximize diversity. All prospective participants were asked to com-
plete a screening survey before we invited them to participate in
the interviews. Participants would qualify for the study 1) if they
were 18 years or older, and 2) had prior experience with chatbots.
Upon completion of the interview, each participant received a $25
Amazon gift card.

3.2 Pilot Study
We conducted three pilot studies to test whether participants un-
derstood our questions, scenarios, and tasks. The results suggested
that while participants were able to understand our questions, they
encountered issues when interacting with both Gemini and Chat-
GPT as they kept receiving inconsistent responses (e.g., booking
could not be completed). This was partially because each participant
used different prompts with the chatbot, thus receiving different
responses. To mitigate the inconsistency, we tested several prompts
and selected a set of prompts that would generate fairly consistent
responses for both chatbots. We provided these prompts to the
participants during the study.

Next, we introduce our interview procedure and protocol.

3.3 Interview Protocol and Study Procedure
The interview protocol contains three major sections, as detailed
below.
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Questions about chatbot usage.We began the interview by
asking about participants’ familiarity with chatbots, including their
past usage of various chatbots, duration, reasons for use, and fre-
quency. We then asked them about their experiences using chatbots
to search for booking services (e.g., “Have you ever used GenAI chat-
bots to search for services, such as booking hotels, flights?”“Could
you share a recent instance where you asked ChatGPT or a similar
chatbot for advice on a purchase or reservation?”). We then asked
whether they had used any plugins in GenAI chatbots and if so,
how familiar they were with the plugin features.

Then, we probed participants’ preferences for information shar-
ing during their interactions with the chatbots. For example, we
asked, “When you use the GenAI chatbots, were there any cases in
which you have to share some information with it? (If yes) What
did you share? Anything you did not share? Why or why not?”
Furthermore, we asked participants’ perceptions of how GenAI
chatbots might use their data, such as “How do you think GenAI
chatbots use your data? If so, which kinds of data do you believe
they might be using?”

Mental models of Chatbot Ecosystems. The next part of the
interview focuses on obtaining participants’ mental models. We
adopted a drawing exercise, which has been widely used in prior
research to elicit concrete and specific descriptions of participants’
abstract and vague thoughts about various systems [34, 38, 60, 68].

We first presented participants with a booking scenario, You are
about to travel to New York City and will need to book a hotel using a
GenAI chatbot. We selected a booking scenario to investigate users’
understanding of data flow when using chatbots. Booking scenar-
ios included sharing necessary and optional personal information,
therefore elicited users’ understanding of data flow when using
GenAI chatbots.

Next, we asked our participants to complete the hotel booking
process using two chatbots, i.e., ChatGPT and Google Gemini 1. We
chose Gemini and Chat GPT as they are prime examples of chatbot
ecosystems that represent first and third-party plugins/extensions,
respectively. For example, Google Gemini used the Google Hotel
plugin to search for hotels; ChatGPT used the Expedia extension to
search for hotels. Note that plugins and extensions provide similar
functionalities. Therefore, in our paper, we used the terms “plugins”
and “extensions” interchangeably. For each chatbot, we provided
a list of prompts to ensure that participants could get consistent
responses. The consistency of study materials is important because
we were investigating users’ understanding of data flows in chat-
bots, not their experience of bookings.

All participants took both conditions (i.e., using Gemini and Chat
GPT), and we counter-balanced the order effect by starting the task
with a random chatbot. As a result, roughly half of the participants
started the task with Gemini while the other half started the task
with ChatGPT. To do this, we created a shared lab account with a
fake profile to log in to Gemini and ChatGPT. To protect partici-
pants’ information, we also created a data sheet that contained fake
personal information for our participants to use when they were
prompted to provide information during the task.

1We used the name “Bard” for most of the interviews. However, since “Bard” changed
its name to “Gemini” in the middle of our research, we chose to use “Gemini” in the
paper to remain consistence.

Figure 1: Successful booking confirmation from Gemini
(Bard)

Right before the participants were ready to submit the booking
request, we asked them to stop the task for two reasons. First, we
would like to avoid possibly spamming the hotel booking system
for ethical reasons. Second, at the time of the study, both Gemini
and ChatGPT were at an experimental stage and, thus, did not
generate stable responses to our booking requests. To ensure study
consistency, we opted to use a screenshot that showed a successful
booking confirmation to inform our participants of the outcome.
Figure 1 shows the confirmation from Gemini2.

After participants had completed booking a hotel with each chat-
bot, we asked them to draw a diagram that represented data flow
during their interactions and asked them to think aloud. This in-
cluded outlining which entities were involved, the data flow among
these entities, etc. Upon completion, participants’ drawings were
scanned and archived. For online participants, we emailed them
beforehand to remind them to prepare drawing materials (e.g., pen
and paper) for the interview. We asked online participants to show
their drawings on the camera so that we could ask follow-up ques-
tions. Participants answered the follow-up questions about their
drawings either verbally or by adding drawings to it. At the end
of the online interviews, participants were asked to take photos of
their drawings and send them to the researchers.

During the drawing process, we also asked about their percep-
tions of information sharing during the process, for instance, “Are
you generally comfortable with the process?”, “Are there any com-
ponents in your drawing that concern you?”, “How comfortable
or uncomfortable do you feel sharing personal information with a
GenAI chatbot to obtain more satisfactory generated results?”

Expectations for data control. Finally, to further understand
whether participants expected any data control in chatbot ecosys-
tems, we asked: “If you have the superpower to control your data
flow in this ecosystem, what kind of control do you like to have?
Where do you like it to happen? Can you point it out in the diagram?”
We completed the interview by asking demographic questions. In-
terviews took an average of an hour to complete.

2The screenshot came from our pre-study test, and we have confirmed that the booking
confirmation did not trigger an actual book request since Gemini was still at an
experimental stage
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3.4 Data analysis
Audio data. We recorded all interviews with the consent of the
participants. Subsequently, we transcribed the recordings. Three
coders first worked together to complete the preliminary coding
for the first and second transcripts, creating an initial code book.
Then, two coders continued to work on the remaining transcripts
independently, adding new codes as they encountered them. After
independently coding several transcripts, the two coders discussed
together to check for any disagreement in their opinions and added
new codes to the codebook as needed. When new codes were added,
they updated the coded transcriptions accordingly to ensure consis-
tency. The two coders repeated this process until all transcriptions
were completed. Throughout the process, the third coder manually
checked the coded transcriptions to ensure complete agreement.
The final codebook consisted of 230 codes. Using the final code-
book, we conducted a thematic analysis [6], classifying all codes
into themes according to our research questions. Given that our
coding process was discussion-based and reached a complete agree-
ment, intercoder reliability was not necessary [39].

Drawing data. We organized all the drawings created by the
participants, each illustrating their understanding of data flow and
the entities involved for both Gemini and ChatGPT. The researchers
annotated these illustrations to identify their perceived entities
and the data flow using a similar procedure as prior work [52, 65–
68]. We cross-referenced and integrated these drawings with the
transcripts, ensuring that any information explicitly mentioned in
the transcripts but not depicted in the drawings was considered in
our analysis. This approach allows us to capture a comprehensive
view of participants’ privacy perceptions and preferences in chatbot
ecosystems.

3.5 Limitations
Our study has some limitations. First, our study explored the men-
tal models of individuals in the United States. The results may not
be applicable in other countries or cultural contexts. Second, our
research focused on the chatbot ecosystems, and while GenAI has
developed rapidly in recent years, it is still in a phase where the
generation of results is unstable. This issue was encountered dur-
ing our interviews; for example, there were instances where the
final response indicating a successful hotel booking could not be
displayed, and the travel or personal information requested from
different participants varied during the interactions. To mitigate
this issue, we prepared a screenshot that shows a successful book-
ing confirmation from Gemini (Figure 1). When participants could
not complete the booking during the study, we showed them the
screenshot instead to ensure a consistent experience. It should also
be noted that when we conducted the interview, ChatGPT did not
support booking hotels directly from its interface even with the
Expedia plugin. This is distinctly different from how Gemini works.
Yet, it should also be noted that both ChatGPT and Gemini would
request users’ personal information (i.e., names, room preferences,
number of guests, and credit card information) when prompted
to book a hotel3. Third, in the ChatGPT portion of this study, the

3This was the case when the study was complete. At the time of the paper submission,
both Gemini and ChatGPT have modified their interfaces to refrain from the request
for financial information.

built-in third-party plugin for hotel reservations was Expedia, a
well-known booking expert. We have not yet explored how third-
party plugins of varying reputations may influence people’s mental
models, which could be investigated in future work. Finally, our
participants’ mental models were influenced by the reputation of
the parent companies. In this study, it was our intention to expose
participants to all entities involved in the ecosystem to ensure eco-
logical validity. Future work may explore different ways of studying
users’ mental models without being biased by the company brands.

4 Results
In this section, we present our findings. We first summarized our
participants’ demographics, then we focused on the participants’
four mental models of chatbot ecosystems, their privacy concerns,
and their expectations of privacy notice and control in chatbot
ecosystems.

4.1 Participants Demographics
In total, we have 21 participants. Our participants’ ages were be-
tween 18 and 62, with an average age of 39. 11 participants were
female and 9 were male. Five local participants did the study in-
person in our lab while 16 participants did the study via Zoom
remotely. Our remote participants came from different geographic
locations across the US. They also represent a diverse range of
occupations, such as university staff, college students, an artistic
director, business owners, writers, software engineers, healthcare
workers, construction workers, consultants, etc. All participants
have experience using chatbots. 20 participants have used either
Gemini or ChatGPT, and 1 participant has used the AI-powered Mi-
crosoft Bing. Participants use chatbots mostly for document editing,
ideation (e.g., generating arts or preparing for job interviews), and
finding information (e.g., getting recipes or obtaining educational
resources). Full demographic information can be found in Table 1.

4.2 Mental Models of Chatbot Ecosystems
We identified four mental models, as summarized in Table 2. The
four mental models center around the chatbot’s role in the chatbot
ecosystems and differ primarily on two factors, i.e., the entities
involved in the data flow and the perceived trust towards the chatbot.
For better illustration, we named each mental model based on the
role of the chatbot.

Specifically, the first threementalmodels (i.e., Key Player,Medium,
Representations) indicate a data flow between the chatbot and
its parent company (e.g., ChatGPT’s parent company is OpenAI,
and Gemini’s parent company is Google), while only one mental
model (i.e., Agent) involves data flowing directly from the chatbot
to the plugins. These results reflect participants’ vastly different
and diverse understandings of the role of the chatbot in the chatbot
ecosystem. Next, we present the mental models in detail.

4.2.1 Mental Model 1: Chatbot as a Key Player. Four participants
(P2, P8, P18, P20) held this model when using Gemini. They believed
that the chatbot played a key role in the chatbot ecosystem. In the
study context, the chatbot directly and actively assisted participants’
hotel booking by collecting personal information from participants,
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Table 1: Participant demographic information and other background information.

ID Age Gender Education Ethnicity Profession Frequency of GenAI Usage
P1 62 Female PhD Italian American University Staff Daily
P2 25 Male Mater Asian IT NA
P3 43 Female Bachelor Cuban American Consulting Weekly
P4 36 Male Bachelor White Sales Monthly
P5 22 Male Associate Hispanic Student Monthly
P6 58 Female Master White Education Weekly
P7 35 Female Master Hispanic Director Weekly
P8 41 Female Master African American Business Owner Weekly
P9 43 Female Associate White Healthcare Weekly
P10 33 Male College White Construction Weekly
P11 40 Male Master Asian IT Daily
P12 36 Female College Caucasian Business Owner Weekly
P13 33 Female Bachelor Chinese College Staff Weekly
P14 57 Female College African American Writer Weekly
P15 37 Male Bachelor Asian Developer Monthly
P16 27 Male College African American Education Weekly
P17 43 Trans Male College White Unemployed Daily
P18 35-40 Female College Caucasian Client Assistant Daily
P19 43 Male Bachelor White IT Weekly
P20 18 Female High School Caucasian Student Less than before
P21 52 Male Bachelor Chinese&Irish IT Manager Weekly

and then passing their information to its parent company to com-
plete the booking. The Key Player mental model involves three
entities: the user, the chatbot, and the parent company.

For example, P2 (Figure 2) believed that he mainly interacted
with Gemini throughout the process and provided his information,
which Gemini would then pass on to the parent company (Google).
He explained,

“I guess the first entity that I interacted with is Gemini. And then
it took my input, and then, I’m guessing it went to Google... So it went
to Google or maybe the database that Google has to get some inputs
back. And then I fetch some inputs. And then, it again showed me
an interaction. It interacted with me with the list of hotels. And then
when I selected one particular hotel, it basically asked me to enter a
bunch of information. And then, when I entered that information, it
probably went to the hotel booking sites...” (P2)

P20 believed that even though the hotel options were retrieved
from the parent company’s (Google) server to generate hotel op-
tions, Gemini still played a key role in the process as it helped
process financial information and complete the final booking (Fig-
ure 3).

Among participants who held this mental model, we also ob-
served a consistent trend. That is, participants’ perceived trust level
was rather independent, meaning that their trust in the parent com-
pany did not extend to its chatbot. For example, P2 believed that
Google and Gemini had different levels of rules in handling users’
data. He thought that, compared to Gemini, Google had stricter
data handling rules and assumed his personal information was
stored in Google’s possibly more secure database, suggesting that
his confidence in Google did not extend to Gemini,

Figure 2: Chatbot as a Key Player Drawing from P2. The
data originated from the user and was transmitted to Gemini
(Bard), from there it was further transferred toGoogle, aswell
as to an entitymarkedwith a questionmark, referred to by P2
as the “black box.” He believed Gemini collected information
and then transmitted it to other uncertain entities other than
Google.

“I think in my opinion, it’s (Gemini) associated with Google, but
I think Google has a lot of practices and rules on how they handle
their personal information. I’m guessing that they stored my personal
information in some database other than bot [Gemini], which might
be more secure.” (P2)
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Figure 3: Chatbot as a Key Player Drawing from P20. In P20’s
drawing, servers were depicted with two rectangles of dif-
ferent sizes, representing the dominant Gemini (Bard) and
the subordinate Google. Gemini transferred data to hotels
for booking, and it could also be seen that after multiple
exchanges within the chatbot ecosystem, the data was trans-
ferred back to Gemini’s server.

4.2.2 Mental Model 2: Chatbot as a Medium. Four participants (P1,
P3, P12, P17) held this mental model when using Gemini. They
believed that in the current chatbot ecosystem, chatbots played
the role of a medium and only indirectly assist in hotel bookings
by passing information to the parent company. As a medium, the
chatbot simply offered an interface or a window for participants
to connect with the parent company and provide their personal
information. Upon receiving the information, the parent company
would work with the plugins to complete the booking process. In

Figure 4: GenAI as a Medium Drawing from P1. P1 believed
Gemini (Bard) merely acted as a conduit for transmitting
information to its parent company, Google. It was Google
that actually generated choices for the user and shared infor-
mation with other vendors.

this process, four entities were involved: the user, the chatbot, the
parent companies, and the plugins.

For example, after Gemini passed her information to Google, P3
emphasized information flow between Google and Google Hotels
(i.e., first-party plugin),

“ I’m going to interface with Gemini, Gemini is connected to Google
which obviously collects all of your data anyway. And then... Google
is then going to spit out Google Hotels because it wants you to book
through there. And I would assume that Google Hotels collects every
single bit of information that it can about you... So, it’s [Google] gonna
then again gather information to spit back out at you and efforts that
you’ll book through them. (P3)

P1 (Figure 4) also believed that Gemini could not directly ex-
change information with hotels for booking; it could only do so
by passing the information to Google, and Google would have the
capability to book the hotel through Google Hotel,

“So I am interfacing with them [Gemini], giving them a limited
amount of information. They provided me with some information
about several different hotels, but the hotels aren’t getting any infor-
mation about me at this point... Then I make a choice, and we have
Google sharing my information with the hotel.” (P1)

Participants who held this model extended their trust in the
parent company to its chatbot, although they did not see the chatbot
and its parent company as the same entity. P1 highlighted a tension
between the perceived risk of sharing sensitive information with a
chatbot and her trust in Google’s ability to protect that information,

“Right in here where I’m not giving the credit card information
directly to the hotel, I’m giving it to the chatbot. And that would be
the one [concern] because that’s information to share that could have
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Table 2: Summary of the four mental models, their definitions, and factors.

Mental Model Definition Data Flow Representation Trust towards GenAI Chatbot

Key Player The chatbot directly and actively as-
sists in booking hotels. It will trans-
mit information to the parent com-
pany and, after obtaining some data
from the parent company, return it
to the user to finalize the booking.

User - Chatbot - Parent Com-
pany

The trust in the parent company
does not extend to its chatbot.

Medium The chatbot indirectly assists in ho-
tel bookings by passing information
to the parent company. The parent
company plays a crucial role in com-
pleting the booking.

User - Chatbot - Parent Com-
pany - Plugins

Participant’s trust in the parent
company extends to trusting the
chatbot, although participants do
not see the chatbot and its parent
company as the same entity.

Representation The hotel booking process involves
an exchange of information be-
tween the user and the parent com-
pany, with users perceiving the
chatbot as equivalent to the parent
company.

User - Parent Company/ Chat-
bot - Plugins (if any)

Participant’s trust in the parent
company extends to trusting the
chatbot, as they are one entity.

Agent The chatbot transmits the data to
the plugin to complete the booking.

User - Chatbot - Plugins Participants do not perceive the par-
ent company in the data flow.

the highest risk. If that piece of information was leaked or somehow
the system was compromised, and my credit card information got out
there, that could do the most damage to me. But, generally, I trust
Google. That’s a big company, if I’d share that information, it’s safe.”
(P1)

Despite concerns about potential data leaks when sending in-
formation to Gemini, P1 felt confident that sharing such informa-
tion with a Google-associated chatbot was safe due to her overall
trust in Google’s reputation and security measures. However, when
discussing this viewpoint, P1 considered Gemini and Google as
separate entities, indicating that she saw them as distinct.

4.2.3 Mental Model 3: Chatbot as a Representation. Participants
who held this view believed that the chatbot was a direct represen-
tation of its parent company and that the chatbot and the parent
company were essentially the same. In other words, the partici-
pant’s trust in the parent company extended to trusting the chatbot.
They saw the chatbot and its parent company as a single entity.
When they interacted with the chatbot and shared their personal
information, they understood that all the information would be ac-
cessible by the parent company. This mental model involved three
entities in its data flow: the user, the parent company (same as the
chatbot), and the plugin (if any).

Four participants (P5, P9, P14, P19) held this model when using
Gemini. For example, P19 referred to Gemini as “Google Gemini”
and specifically mentioned that he believed using Google’s products
was equivalent to using Google itself, and that using any Google
product may involve using other Google services as well. He noted
Google and Gemini as “one entity” as Gemini was developed by
Google. Therefore, in his perception, any Google feature, service,
or product could be regarded as Google.

“One entity is the AI, Google Gemini, and then, I would think the
other entity is the hotel that you’re booking with...So if I’m doing it
through Google Gemini and it did everything for me, then I’m only
dealing with one entity, which would be Google Gemini...Because it’s
a product of Google, I’m thinking it’s using Google, so I think it’s
one...I would assume that any Google feature, any Google search are
built into the AI, so I’m putting Gemini AI and Google as the one and
the same.” (P19)

P14 also held the same model. She perceived that Gemini shared
data efficiently with Google and believed that the data she shared
with Gemini would be used by Google for other purposes in their
products. She explained,

“Gemini is giving me a few choices of what to look for... Google
will sell you anything and everything... I’m gonna just say Google
searches for the prompts response... Gemini just responds and it’ll
say something like, “I’ve found. . . ”, and it’s going to give me a list of
hotels... So if you’re sharing with Gemini, you’re sharing with Google.
In the case of someone like Google, obviously, they’re storing it (users’
data). They’re storing it, and they’re using it to sell us more stuff.
Quite a few of them [GenAIs] were in beta for a long time, some of
them are offering features for free, but no one offers anything for free.
And as the saying goes, “If you’re not paying, you’re the product.”
(P14)

Furthermore, in this mental model, since participants perceived
chatbots and their parent companies as equivalent, they also directly
translated their trust towards the parent companies directly to the
chatbots. As such, those who trusted the parent companies would
also trust the chatbot, or vice versa. For example, P5 illustrated this
by explicitly mentioning his concerns with Google as the reason
for not trusting Gemini.
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Figure 5: GenAI as aRepresentationDrawing fromP19 (In the
diagram, Gemini was used to denote both Gemini (Bard) and
Google, with the depiction of Google being omitted. Initially,
data was transferred from the user to Gemini. Following an
internal data exchange between Gemini and Google, Gemini
then acquired more specific information from the user to
further the hotel booking process.)

“No, I wouldn’t provide [payment information with Gemini)]...
because for quite a few years it has been a lot of problems with Google
and privacy concerns.” (P5)

Similarly, P9 expressed that her trust in Google stemmed from
her familiarity with it. In her understanding, Gemini was equivalent
to Google, so she had the same level of trust in Gemini.

“You can book directly through Google, so, it probably wouldn’t
be all that concerned [to share payment information with Gemini],
because Gemini is Google. It’s a company I’m already familiar with.”
(P9)

4.2.4 Mental Model 4: Chatbot as an Agent. Finally, participants
who held the Agent model believed that the chatbot acted as an
agent and helped them send queries to first-party plugins (such as
Google Hotels in Gemini) and third-party plugins (such as Expedia
in ChatGPT) to complete the hotel booking. This process involved
three entities: the user, the chatbot, and the plugin (first-party/third-
party). The key difference between this model and the other three
models was that the chatbot, as an agent, operated independently
and played a central role in transmitting information to the plugin
(first-party/third-party). As a result, the Agentmodel did not include
the parent company in its data flow and thus, only contained three
entities, i.e., the users, the chatbots, and the plugins.

9 participants (P4, P6, P7, P10, P11, P13, P15, P16, P21) held this
model when testing Gemini, and, interestingly, all participants held
this model when using ChatGPT. We will unpack the comparisons
in Section 4.3.

P21 (Figure 6) was an example in the Gemini experience who held
the Agent model. He shared his understanding of the information
exchange between the chatbot (Gemini) and the Google Hotels
plugin,

“It starts with me entering the query into the chatbot (Gemini), the
query getting passed onto the Google Hotels service, and the Google
Hotel Service returning the result to the chatbot (Gemini), which it
then displays to me. Me asking another query about a specific property
to the chatbot (Gemini)... Me, [providing] personal info to the chatbot

Figure 6: P21’s drawing demonstrates how the Agent mental
model operated within the Gemini (Bard) Experience. This
diagram showed P21’s understanding of the bidirectional in-
formation exchange between the chatbot and Google Hotels,
as well as his view on how Google Hotels processed informa-
tion and completed the hotel booking.

(Gemini). Then the chatbot (Gemini) uses that to complete a booking
through the Google Hotels system, which then returns the result to the
chatbot (Gemini), and then it (Gemini) tells me the details. And then,
the chatbot (Gemini) displays that to me. Again, at the high level, at
the step-down, obviously Google Hotels is probably authenticating
credit cards and stuff like that with payment processors.” (P21)

P11 believed that Gemini exchanged information with Google
Hotels, with Google Hotels collecting the information, returning
the booking results to users, and ultimately finalizing the booking.
In this process, Google Hotels would have access to his personal
information, such as name, contact information, and financial in-
formation. He shared,

“You go to the Gemini website... And then check Google Hotels
apparently to see dates, availability, and prices. And then it goes back
to the Gemini. And then it asks you which hotel to choose. And then
you choose back to Google Hotels after you tell out which dates. And
then from there, I would imagine it uses Google Hotelsl for your credit
card and all that information. So your name, contact info, like phone
and email, your credit card information, and the dates you want. And
then I would imagine Google Hotels gets that information.” (P11)

Interestingly, all participants who tested ChatGPT held the Agent
model as well. For example, P15 (Figure 7) explained,

“The user and ChatGPT exchange a lot of data and information.
And then ChatGPT uses the data from the user to go to Expedia and
only Expedia. And then. When it gets information from Expedia,
ChatGPT goes back to the user with the information and the link
which results in the user going to Expedia as the last step of the chat.
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Table 3: Participants’ mental models and whether they have
privacy concerns in Bard and ChatGPT. “Model” refers to
“Participants’ mental models”, and “Concerns?” refers to
“Whether participants have privacy concerns”

ID Bard ChatGPT
Model Concerns ? Model Concerns ?

1 Medium Yes Agent No
2 Key Player Yes Agent No
3 Medium Yes Agent Yes
4 Agent Yes Agent No
5 Representation Yes Agent Yes
6 Agent Yes Agent No
7 Agent Yes Agent Yes
8 Key Player Yes Agent No
9 Representation Yes Agent No
10 Agent Yes Agent No
11 Agent Yes Agent Yes
12 Medium Yes Agent No
13 Agent Yes Agent No
14 Representation Yes Agent No
15 Agent No Agent Yes
16 Agent Yes Agent No
17 Medium Yes Agent No
18 Key Player Yes Agent No
19 Representation Yes Agent No
20 Key Player Yes Agent No
21 Agent Yes Agent No

Figure 7: P15’s drawing demonstrates how the Agent mental
model operated within the ChatGPT experience. The user’s
data was passed to ChatGPT first, and then Expedia would
get the data from ChatGPT to process the booking.

So, it’s definitely different from what Gemini does. So, the user finishes
the last step on it on their own whereas Gemini directly books the
rooms. But here, ChatGPT provides the link to the room and then the
user is supposed to finish it by themselves...” (P15)

4.3 Comparing Mental Models of First-Party
and Third-Party Chatbot Ecosystems

We observed some consistency in participants’ mental models to-
ward first-party (i.e., Gemini) and third-party (i.e., ChatGPT) chat-
bot ecosystems. As shown in Table 3, participants’ mental models
of Gemini covered all four models, while their mental models of
ChatGPTwere consistently the Agent model. This suggests that par-
ticipants’ mental models of Gemini are more complicated compared

to their mental models of ChatGPT, which essentially consider Chat-
GPT as an agent that connects users with Expedia via the ChatGPT
interfaces. We found this very interesting because the consistency
in participants’ mental models of first-party and third-party chatbot
ecosystems further impacts their perceived concerns. We saw an
association between participants’ mental models and their privacy
concerns towards chatbot ecosystems. Table 3 also provides a high-
level summary of participants’ mental models and whether they
have privacy concerns or not. In general, all but one participant
had privacy concerns about Gemini while the majority of partic-
ipants (16 out of 21) did not have concerns about ChatGPT. This
result suggested that our participants had fewer concerns about
the third-party chatbot ecosystem compared to the first-party one.

One possible reason for this phenomenon relates to the inherited
opaqueness in the chatbots and the broader chatbot ecosystem.
Most participants did not understand the working mechanisms of
such systems, so when asked about their mental models, they tried
to look for different cues to help them understand how the system
works. In this process, the third-party system (i.e., ChatGPT) could
potentially provide more clues compared to the first-party system
(i.e., Gemini). One example is the visual design. Our participants
indicated that they had noticed the Expedia icons in the ChatGPT
interfaces when prompting ChatGPT to search for a hotel. The Ex-
pedia icon clearly indicated that the hotel search was going through
Expedia and was not a part of ChatGPT nor its parent company.
As a result, participants all believed that their data collected by
ChatGPT would eventually be transmitted to Expedia to search for
hotels. This perception contributes to the mental model in which
the chatbot is considered the agent. P1 explained,

“There’s me, giving my information to ChatGPT...And ChatGPT
is giving my information to Expedia. Expedia provides 3 options and
then, I choose, and it still takes me with Expedia, so then it seems
like I will leave ChatGPT, at least that’s what I saw...And I’m just
interacting with Expedia who I give more info to, and then they give
it to the hotel.” (P1)

In this case, since P1 was very familiar with Expedia for the
purpose of hotel booking, she expressed no concerns about it. In
comparison, Gemini included the “Google Hotel” icon in its inter-
face as well, yet most participants did not notice it in the first place
as many considered it part of Google. The highly integrated nature
of the Google product ecosystems, to some extent, increases the
opaqueness of the chatbot ecosystems and negatively impacts our
participants’ perceptions. Most participants still considered GenAI
something new and did not have sufficient knowledge or familiar-
ity with it. As such, even if they have prior knowledge about their
privacy and data usage, they were unable to apply it to the context
of the chatbot ecosystem because of such opaqueness. For example,
when testing Gemini, P2 compared his experiences with cookie
selectors and the chatbots and explained,

“I just don’t know how my information is handled as supposed to
be. Let’s say if I enable cookies, I know what’s happening, right? I
know what’s happening there. But here [in Gemini], my information
is going in the black box. I don’t know if it’s going to stay there, or if
it’s going to come out, or if they’re handling it correctly.” (P2)

The “black box” nature of the chatbot ecosystem contributed to
P2’s uncertainty regarding how his data might be handled. Inter-
estingly, P14 explained a different type of opaqueness when testing
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Figure 8: P1’s drawing demonstrates how Agent MM Oper-
ated Within the ChatGPT Experience (P1 believed that Chat-
GPT sent the information to Expedia, which then provided
multiple hotel options. Additionally, she noted that further
information and booking confirmation were all handled by
Expedia, specifically mentioning “leave ChatGPT”.

Gemini. She noted that, since GenAI has been around for quite
some time but without a clear way of making a profit, she believed
that her data would be used for advertising purposes. She said,

“In the case of someone like Google, obviously, they’re storing it
[users’ data]. They’re storing it, and they’re using it to sell us more
stuff... AI has been around forever in our products, but they opted to
just kind of throw everything out there without really having a way
to make money as far as I could see...” (P14)

In a sense, the highly integrated first-party chatbot ecosystems
make it more difficult for users to understand how they work. Ad-
ditionally, participants’ familiarity with third-party plugins and the
inherent opaqueness of chatbot ecosystems both contribute to par-
ticipants’ overall concerns towards third-party and more concerns
towards first-party chatbot ecosystems. This conclusion is some-
what counter-intuitive and also challenges the persistent higher
trust and fewer concerns towards first-party systems in the privacy
literature. We will further unpack this point in the discussion.

4.4 Privacy Concerns in Chatbot Ecosystems
When using Gemini, 14 of 15 participants consistently expressed
concerns about data processing, sharing, and storage within chat-
bot ecosystems, aligning with current research on practical privacy

issues in GenAI [37, 71]. Interestingly, most participants did not
express the same level of concern regarding ChatGPT. This find-
ing supports our earlier findings in Section 4.3 and 4.2.4, where
participants showed a higher level of trust in ecosystems with third-
party plugins and perceived ChatGPT as limited to an Agent model.
Additionally, compared to existing booking platforms like Book-
ing.com and Expedia.com, participants raised concerns about the
maturity and necessity of using chatbots for booking flights and
hotels. These doubts contributed to their hesitation to share per-
sonal and sensitive information with chatbots. Finally, participants
voiced concerns about the lack of adequate laws and regulations
specifically governing the privacy practices of chatbots.

4.4.1 Privacy Concerns Aligned with Privacy Risks. Data sharing
among multiple entities in the ecosystem raised participants’ vari-
ous types of privacy concerns. Some of our results echo the findings
in prior work [71]. We briefly present the repetitive themes as well
as the unique ones.

Opaque data practices. 9 participants (P1, P2, P3, P7, P9, P14, P16,
P17, P19, P20) mentioned their concerns that the data would used
without consent. For example, P1 worried that the information
she shared with the chatbot mentioned that the sensitive informa-
tion she shared with the chatbot could be used for identity theft,
particularly involving social security numbers, which could then
access financial accounts. Other participants (P1, P3, P9, P14) sus-
pected that the chatbot and its parent company would sell their
information to marketing vendors for profit. P2, P7, and P16 voiced
concerns about the risk of unauthorized parties accessing their data.
They were worried that after sharing information with the chatbot,
they would lose control over their data without being aware of who
was accessing it. As P9 noted,

“I would assume just like any other company, if they’re [GenAI]
not now, they will eventually probably use the [users’] data for adver-
tising or selling the information. I think that’s pretty much the norm
nowadays.” (P9)

Surveillance. 6 participants (P3, P9, P14, P17, P19, P20) expressed
their concerns about potential surveillance due to the invasive
and excessive data collection during interaction with chatbots. For
example, P3 talked about her past experiences of having her conver-
sations monitored and her information being collected without her
consent. She was concerned that that all her personal information
would be collected.

“[GenAI will gather users’ data like] products I use, websites I visit,
possibly even what I watch on my TV because I have a smart TV and
that is connected to things. So yeah. Things like, my usage of what I
watch on TV and maybe even what I eat, maybe even things like my
gender identity and sexual orientation. I don’t believe any of that is
private.” (P3)

4.4.2 Concerns About the Maturity and Necessity of Chatbots in
Booking Platforms. We found that participants believed chatbots, as
a new technology, are not as reliable as existing booking platforms
(e.g., booking.com, Expedia) when it comes to data management and
sharing permissions, particularly for tasks like booking trips—in
our case, booking hotels. The belief came from the limited adoption
of chatbots for booking purposes, leaving users unfamiliar with
their reputation and effectiveness in this area. For example, P18 did
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not want to share personal and sensitive information on ChatGPT
because he had never tried that yet. P2, P4, and P18 noted that
chatbots are not commonly used for booking hotels. Their reluc-
tance to share sensitive information, even with reputable company
subsidiaries, was due to the technology’s novelty.

“Yeah. It just feels like new technology. Urh, you know, I think if
I knew that people in masses were doing it that way, I would be a
follower. And I would be willing to provide financial information to
Gemini or ChatGPT, but given that still feels new and unknown, I will
probably would be a little bit slower to adopt.“ (P4)

P16 preferred to use established booking agencies because they
were more familiar with Expedia. Similarly, P14 questioned the
need to share the same information with a chatbot when established
agencies already have their details. They preferred sticking with
existing services to avoid directly sharing sensitive information
with a new system.

“I’ve already given my information to Priceline. Why should I
go through your ChatGPT when I could go directly to Expedia? My
problem (that putting information and booking through chatbot) is
just adding more time to a process that used to be pretty simple, you
know?” (P14)

4.5 Expected Privacy Notice and Control in
GenAI Chatbot

When participants were asked about their expectations for privacy
notices and control options in chatbots like Gemini and ChatGPT,
most believed that both systems should offer similar privacy-related
notice and control. However, there was a distinction in perceptions:
while all participants agreed that privacy notices were necessary
in Gemini, 6 participants (P1, P6, P9, P13, P19, P20) felt that notices
were not essential in ChatGPT, as during the hotel booking process,
ChatGPT did not request sensitive information from them.

Our analysis identified several key design considerations re-
garding privacy notices and controls within the broader chatbot
ecosystems, especially concerning data collection, sharing, storage,
and usage. Notably, we found no strong correlation between par-
ticipants’ preferences for privacy notices and their mental models.
These insights are elaborated below.

4.5.1 Privacy Notice. Most participants viewed privacy notice as
essential for informing users about how their data is collected,
stored, and used. Participants expressed preferences for a variety of
notice formats, including pop-ups, bars, blurbs, emails, disclaimers,
and dropdown boxes. About half of the participants also emphasized
the importance of user consent in these notices.

Constant Notification. Some participants preferred to receive
privacy notices consistently as soon as they entered the chatbot
interface. For example, P14 suggested receiving reminders “every
few months” to inform users that tracking was happening, while
P15 wanted a bar displayed at the top of the interface whenever
data was being collected. P1 emphasized the importance of a warn-
ing displayed within the interface to discourage sharing sensitive
information.

Before Data Collection. Most participants preferred receiving
privacy notices before the chatbot began collecting personal infor-
mation, particularly before the system asked for booking details.

They favored a concise and clear message explaining how collected
data would be used. For instance, participants (P3, P10, P11, P14)
expected these notices to be shown after they initiated a hotel book-
ing process or when the chatbot asked for specific booking-related
information.

4.5.2 Privacy Control. Participants expressed preferences for con-
trolling their data at specific points during their interaction with
chatbots. Many indicated that they wanted to configure privacy
settings before using the chatbot, while others preferred exercising
control during key moments, such as when booking a hotel or after
sharing sensitive information.

Some participants also desired the ability to control or delete
their data periodically or after certain tasks were completed. For
instance, P16 wanted an option for data to be auto-deleted after
task completion, allowing users to decide whether data should be
retained and for how long, akin to cookie management settings.

Other participants (e.g., P11) wanted a clear system to view
and manage their data, allowing them to control which companies
or databases had access and to delete data at any time. P14 also
emphasized the ability to control data retention duration, drawing
parallels to the ease with which cookies can be deleted. Similarly,
P15 expressed a desire for control over how their conversations
were recorded or stored, suggesting a simple checkbox or toggle
to opt out of data collection for review purposes, although they
acknowledged that this was not a critical feature for them.

Participants generally preferred intuitive, user-friendly controls,
such as pop-ups, checkboxes, and toggles. They emphasized the
importance of having control over specific types of data, with op-
tions to delete or opt out of data collection. The interface design
expectations reflected a preference for minimal disruption during
interaction while offering easy-to-use controls. The demand for
precise control over specific data types highlighted users’ emphasis
on refined management of personal data processing.

5 Discussion
Situating in the large body of literature on users’ mental models and
the fast development of generative AI, we focused on investigating
users’ mental models of chatbot ecosystems. We identified four
mental models that our participants held based on the role of the
chatbot in the chatbot ecosystems. We further found an association
between participants’ mental models and their privacy concerns,
indicating that participants had fewer concerns about third-party
systems than first-party systems. In this section, we reflect on
our results from three perspectives, including the importance of
studying users’ mental models in chatbot ecosystems, unpacking
the comparisons of mental models between first-party and third-
party systems, and implications for the design of and policy for
future GenAI technologies in general.

5.1 Why Do Mental Models Matter in Chatbot
Ecosystems?

Privacy and security researchers have been studying users’ mental
models of various technologies and applications, as users’ mental
models may guide and help reason their behaviors, impact users’
attitudes, and inform opportunities for user education [1, 3, 9, 29,
63, 68]. Our findings in the context of chatbot ecosystems are in

1027



Users’ Mental Models of GenAI Chatbot IUI ’25, March 24–27, 2025, Cagliari, Italy

line with the prior work. Furthermore, as chatbots and chatbot
ecosystems are still relatively new to most general users, their
mental models also demonstrate some nuances. For example, users’
mental models may have a significant impact on their perceived
trust level towards the chatbots and the broader chatbot ecosystems.

As discussed in Section 4.2, the perceived relationship between
the chatbot and its parent company can significantly impact par-
ticipants’ trust towards the chatbots and the chatbot ecosystem.
For example, for participants who held the Representation model,
their trust level towards the chatbot was equivalent to that towards
the parent company. If they trust the parent company, they would
also trust the chatbot. Through investigating participants’ mental
models of chatbot ecosystems, we were able to clearly identify such
relationships (summarized in Table 2).

As GenAI is evolving from a stand-alone chatbot to an ecosystem
(platform) that integrates different internal and external services
and features, these mental models and relationships will become in-
creasingly important as they provide a lens for service providers and
software developers to come up with ways to enhance users’ trust
towards their products or correct possible mistrust. Researchers
may also leverage the mental models to carry out more precious
user education, as risk communications should be tailored towards
users’ mental models [9]. For example, for those who held the Key
Player model, it is useful to focus the education on the data flow
between users, chatbot, and the parent companies.

5.2 Comparing Mental Models in First-party
and Third-party Ecosystems

In the privacy and security literature, it is widely acknowledged that
users generally have simpler mental models and fewer concerns
toward first-party systems compared to third-party ones. However,
our results suggested different results in the context of GenAI, as
our participants showed four mental models towards the first-party
chatbot ecosystem (i.e., Gemini) while only holding one consistent
mental model towards the third-party ecosystem (i.e., ChatGPT).
This result demonstrates that participants’ mental models towards
the first-party ecosystem are much more complicated, resulting
in more privacy concerns (as summarized in Table 3). The highly
integrated nature of the first-party ecosystem provided fewer op-
portunities for our participants to understand the data practices of
the chatbot ecosystem, and the lack of visual cues that were famil-
iar to our participants further reduced the chances. In the end, the
first-party ecosystem created an opaque system that most users did
not have prior experiences with, which caused significant concerns.
As a comparison, the third-party ecosystem operates in a similar
way that users are more familiar with - in a sense, using the Expedia
plugin through ChatGPT for hotel booking is somewhat similar
to searching for Expedia via Google searches, and most users are
familiar with the latter one which they also have less concerns
about.

This comparison, however, does not suggest that our participants
had more accurate mental models towards the third-party ecosys-
tem compared to the first-party ecosystem. In fact, we believe that
all four mental models we identified are either incomplete or inac-
curate, as the chatbot ecosystem may include multiple data holders
in its various processes [71]. As GenAI is fast developing, users

will have to navigate through increasingly complex chatbot ecosys-
tems that involve numerous stakeholders. For example, Microsoft
is introducing Copilot in its Office 365, Bing Search, Teams, and
other products [42–44]; Meta is integrating Meta AI (Llama 3) into
its software and hardware product lines [41, 58]. Thus, it becomes
critically important to ensure that users have a good and accurate
understanding of the working mechanisms of both first-party and
third-party chatbot ecosystems so that they can make informed
decisions about their privacy and data.

Next, we will discuss the design and policy implications based
on our findings.

5.3 Implications for Design and Policies
As GenAI is increasingly integrated into our societal infrastructure,
it calls for joint efforts from developers, policymakers, and scholars
to reevaluate the design and regulation of GenAI services, stressing
the need for transparency, educative initiatives for users, and the
implementation of stringent privacy measures across all involved
entities.

Design implication: Provide transparency features in chat-
bot ecosystems. As mentioned in previous sections, one critical
challenge is the inherent opaqueness of chatbot ecosystems. Gen-
eral users typically do not have knowledge of how the systemworks
and how their data will be transmitted and used. We suggest that
chatbot ecosystems should incorporate transparency features to
help users understand the mechanisms of ecosystems. One exist-
ing example is the Expedia icon in ChatGPT when prompting it
to search for a hotel. Future designers should explore other trans-
parencymechanisms, such as a visualization in the chatbot interface
to show how their data flows among different entities, a tool that
automatically shows the impact on users’ privacy when sensitive
data input is detected, etc.

Policy implication: Regulate the disclosure of involved
entities in chatbot ecosystems. At the time of this research, we
studied the privacy policies of various GenAI platforms and found
that most privacy policies focus on the types of data being collected
and how the data is used. However, our results suggest that the
involved entities may have a significant impact on users’ perceived
trust and privacy concerns towards GenAI. As such, we recommend
that public policies and regulations should require the disclosure of
involved entities in chatbot ecosystems. Such a requirement would
echo the call for transparency in the previous section from the
policymakers’ perspective and will enhance users’ understanding
of the working mechanisms of GenAI, which will eventually help
them make informed decisions about their privacy.

Research direction: Understand how to leverage third-
party entities to gain user trust. Our participants demonstrated
a higher level of trust and fewer privacy concerns towards the
third-party chatbot ecosystem due to its visual design, users’ per-
ceived involved entities, and familiarity. It is possible, however,
that other underlying causes also exist behind users’ preference
for third-party services. Future research may investigate whether
users’ preferences over third-party GenAI services are consistent
throughout different third-party platforms; and if so, what specific
characteristics or actions by these third-party services cultivate a
higher degree of trust among users. The resulting insights can offer
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valuable guidance for creating GenAI systems that are inherently
more trustworthy, alongside informing educational initiatives that
bolster user confidence and security.

6 Conclusion
Generative Artificial Intelligence (GenAI) has rapidly developed in
recent years. As GenAI’s capabilities start to greatly expand, it is
turning into a platform infrastructure, i.e., GenAI Ecosystems. In
this research, following the abundant literature in privacy and secu-
rity research, we adopted a mental model approach and investigated
users’ understanding of how GenAI ecosystems work. Through
21 semi-structured interviews, we uncovered users’ four mental
models towards first-party (e.g., Google Gemini) and third-party
(e.g., ChatGPT) chatbot ecosystems. These mental models centered
around the role of the chatbot in the entire ecosystem. We further
found that participants held a more consistent and simpler mental
model towards third-party ecosystems compared to the first-party
ones, resulting in their higher level of trust and fewer concerns
towards the third-party ecosystems. We discuss the design and
policy implications based on our results.
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7 Appendix
Interview Protocol
General Questions
Here, we want to give you our definition of “GenAI Chatbots.” They
are large language model-based, trained on a massive dataset of
texts and code, and can perform many kinds of tasks given by users.
There are a couple of chatbots in the market now such as ChatGPT,
which has been developed by OpenAI, and Bard by Google. Do you
have any questions about this? Okay, now, let’s continue.

(1) You’ve told us in the survey that you have experience with
GenAI chatbots. What would you say your familiarity with
them is?

(a) What chatbot have you used before?
(b) When and why did you use them?
(c) How often do you use them?
(d) What do you think of them?

(2) Have you ever used GenAI chatbots to search for services,
such as booking hotels, flights, etc.?

(3) Could you share a recent instance where you asked ChatGPT
or a similar chatbot for advice on a purchase or reservation?

(4) GenAI chatbots such as ChatGPT have plugins that provide
additional services to users, such as Expedia.
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(a) How familiar are you with these plugin features?
(b) What is your experience with these features?

(5) When you use the GenAI chatbots, were there any cases in
which you have to share some information with them?

(a) For example, your personal information, your preferences,
habits, plans, and other things?

(b) (If yes) What did you share? Anything you did not share?
Why or why not?

(c) (If no) Why not?
(6) How do you think GenAI chatbots use your data? If so, which

kinds of data do you believe they might be using?

Drawing Exercises
Before the drawing exercise starts, you’ll have two hands-on expe-
riences with prominent GenAI chatbots—Bard and ChatGPT, which
have been developed by Google and OpenAI as we introduced at
the beginning.

Now, we will give you a scenario. Imagine you are going on a
trip, and you want the GenAI chatbot to help you book a hotel near
10019 for Dec. 21st to 22nd in New York City. Try to interact with
the GenAI chatbot by using these prompts we printed out for you.
Throughout the entire process, we will use our own account, so
we won’t make any use of your personal information. Do you have
any questions? OK, just go ahead.

(Provide Information)
(Once they are done on Bard) OK, now, you have stopped here.

Since Bard is still in the testing phase, the prompts vary each time,
but most of the time, it successfully helps you book a hotel. I can
show you screenshots of successful bookings. [insert the screen-
shot]

Next, we want you to do a drawing task. Think about the process
you just went through. The process is—you want to find a hotel and
ask the chatbot to book it for you, you provide your information,
and the hotel is booked. I want you to draw this process on this
piece of paper. More importantly, I want you to focus on a couple
of things:

(1) Which entities are involved in this process?
(2) How your data is collected, transmitted, and used by these

entities from the moment you log in, to the moment you
complete the booking. While drawing, we strongly encour-
age you to think aloud, feel free to share your thoughts with
us.

Please go ahead. Please let me know if you have any questions.
After the participant has finished the diagrams and explained

their ideas, we will continue to ask the following questions.

(1) Can you explain your diagrams to me?
(2) Are there any components in your drawing that concern

you?
(a) For example, any entity, any particular data collection and

data flow, etc.
(3) How comfortable do you feel sharing personal information

with GenAI chatbot to get more satisfactory generated re-
sults?

(a) Which parts of the diagram are you comfortable with?
(b) Which parts are you not comfortable with?

(4) In your drawing, thinking about the data collection, would
you say notifying you about the data collection is necessary?

If yes How would you want to be informed about data collection
when using GenAI chatbot for this kind of service? At
which step do you prefer to be informed? You can label it
in the diagram if necessary.

If no Why not?
(5) Youmentioned that youwould like some kind of notice/consent/control

here. How would it look like? I’d like to ask you to draw on
this piece of paper an ideal notice interface for you.

(6) (If their drawing or answers do not contain any type of
control) In your drawing, you mentioned some kind of notice
and you showed us how it may look like. I’m curious to hear
whether you would like to have any kind of control. Let’s
say you have the superpower to control your data flow in
this ecosystem, what kind of control do you like to have?
Where do you like it to happen? Can you point it out in the
diagram?

After the first part is finished, we will let the participant try the
second one and do the same process.

Next, we’d like you to use ChatGPT to complete the same pro-
cess—book a hotel near 10019 in New York for December 10th to
12th. You can now begin interacting with ChatGPT.

Demographic Information
(1) What do you do for a living?
(2) How old are you? If you’d rather not give a specific number,

could you kindly indicate an age range or group you belong
to?

(3) How do you identify your gender?
(4) Which ethnic or cultural group do you most closely associate

with?
(5) What’s your highest level of education?
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