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Marketing firms are starting to leverage Generative-Al-based chatbots as a more persuasive form of advertising.
This is potentially more harmful for autistic young adults with substantial support needs who tend to have
lower financial literacy, be more trusting of bad actors when communicating through social technologies, and
more likely to anthropomorphize objects. Thus, we investigated whether a chatbot assuming the likeness of
a favorite celebrity would more greatly influence consumer preferences of this population when compared
against either autistic individuals without substantial support needs or the general population. We conducted
an experimental survey where participants 1) ranked their preferences of various consumer items, 2) performed
intervening tasks answering several questions, 3) viewed a chatbot interaction where the chatbot exhibited
opposite consumer preferences, and then 4) re-ranked their preferences for those items. We found that autistic
young adults with substantial support needs were more likely to change their preferences than the sample from
the general population. Moreover, they were also more likely to change their preferences than autistic young
adults without substantial support needs. These findings suggest that autistic individuals with substantial
support needs are more susceptible to celebrity chatbot persuasion. We discuss the risks and guardrails that
need to be associated with deploying generative-Al-based chatbots for targeted advertising.
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1 Introduction

Targeted advertising has become an integral tool in promoting economic development in the past
decade because of its efficacy in promoting consumer behavior [14, 92]. In fact, targeted ads have
been so effective that limits have been put in place when advertising to vulnerable populations (e.g.,
teenagers) on social media platforms [4, 5]. Targeted advertising could also unduly influence autistic
young adults (YAs). For instance, prior work has found that autistic YAs are more likely to be more
trusting of bad actors on social technologies due to taking a literal interpretation of technology
features and text [72]. The type of persuasive language frequently used in targeted advertisements
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(e.g., "this product is for you") could also be harmful if followed literally as a direction. Furthermore,
autistic adults have been found to have lower rates of financial literacy than neurotypical adults
[40], potentially making them even more vulnerable to targeted advertising.

The introduction of generative-Al based chatbots provides an even more personalized way to
target and persuade users. Marketing and advertising firms have already started to leverage such
chatbots in advertising [2]. Research thus far shows that chatbots are effective in increasing trust
and leading to impulse purchasing [50]. Furthermore, common gen-AI chatbots, such as MetaAl
[8], use recognizable public figures as the face of their product which can lead to increased levels of
anthropomorphism [32]. Anthropomorphizing can lead to wanting to please the inanimate object,
or even lead to feelings of sadness and despair when the user perceives that the object is being hurt
or lonely [99]. Prior research in an offline context also shows that autistic individuals are more
likely to anthropomorphize objects than neurotypical individuals [25, 28, 99].

Given these past findings, autistic individuals may be more likely than neurotypical individuals
to be unduly influenced and experience harm when exposed to chatbot advertising. Moreover,
prior research has found that autistic young adults with substantial support needs are prone to
overly trusting and being misled by those they connect to online [72]. It is important to understand
whether using anthropomorphized chatbots in targeted advertising could similarly pose a threat
to this population. Thus we explore whether autistic young adults are impacted by this emerging
technology to a greater degree than neurotypical individuals. Furthermore, we examine whether
autistic young adults with versus without substantial support needs are affected to different extents.
Our research questions are as follows:

ROQ 1: Are autistic YAs influenced by chatbots more than neurotypical YAs?

ROQ 2: Are autistic YAs with substantial support needs influenced by chatbots more
than autistic YAs without substantial support needs?

In order to answer these questions, we ran an experimental survey where participants 1) ranked
various consumer products and brands based on personal preference, 2) answered several questions
as an intervening task, 3) viewed a chatbot interaction which stated the exact opposite opinions
about these products, and then 4) ranked their preferences again. We found that autistic YAs
with substantial support needs were likely to change their preferences a greater amount than
neurotypical individuals or autistic YAs with lower support needs.

Our findings have several implications. We show that autistic YAs with substantial support needs
are at an even higher risk of having their consumer preferences changed when interacting with
Gen-Al celebrity chatbots. System designers need to consider how to guard against the potential
harms. Managing risks associated with targeted advertising may even involve additional support
from others, in line with prior work that shows limiting risk on social media often requires engaging
the larger support network of this population [31]. Additionally, our results underscore the need
for autism research to involve a wider range of participants. Most studies focus on those without
substantial support needs, who live independently, and even have attended college. However, there
is a large population of autistic individuals with much greater support needs. Policy makers should
take these results as a call to action to protect populations who are more vulnerable in context of
gen-Al and digital marketing.

2 Background

In this section, we describe prior research related to our study. We first discuss targeted advertising
that is used on social technologies, as well as the existing regulations keeping certain populations
safe from such features. Then, we describe the current uses of generative-Al chatbots in marketing
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and the ethical implications. Next, we discuss the unique experience of anthropomorphism for
autistic individuals. Finally, we discuss the Computers As Social Actors paradigm.

2.1 Targeted Advertising on Social Technologies

Social Networking Sites such as Facebook rely on revenue generated through advertisements placed
on their platform. These ad placement systems use complex algorithms to deliver ads to users based
on a user’s likelihood of interacting with the advertisement. To do this, Facebook leverages user
information such as location, likes, comments, websites visited off platform, and other indicators of
engagement to be able to infer specific interests of every user. Facebook then uses these inferred
interests to deliver more relevant ads to their users. However, research has shown these forms of
targeted advertising are perceived by users to be particularly concerning [49, 95]. This concern
is not unwarranted as these systems have led to several instances of discrimination [29, 74, 88].
These concerns combined with broader concerns about surveillance have led to a push for stronger
government regulation on targeted advertising [20, 29]. Recent product changes also reflect this
sentiment; Meta recently chose to restrict targeted advertising for its teen Instagram users who are
at higher risk of being manipulated [7].

Scholars have just begun to examine the intersection of social media advertising and autism.
Much of this work has examined autistic individuals’ feelings towards the content type. For instance,
one study found that autistic participants felt misrepresented by the advertisements they received
on social media [104]. They found that many of these advertisements had misleading portrayals
of autism and sought to push products or content with harmful ideologies of trying to "cure"
autism. Another study discussed the implications of targeted advertising using existing biased
data [39]. Populations historically under diagnosed may be less likely to receive advertisements
for assistive technologies which could benefit autistic individuals. However, there is little work
that examines the decision-making impact of targeted advertising for autistic individuals. This is
especially important to study with the advent of Gen-Al which is being leveraged for advertising

[43, 47].

2.2 Gen-Al Chatbots, Marketing, and Ethical Considerations

A key determinant of the output of a generative-Al chatbot is the data it was trained on and how it
was fine-tuned. Training data for generative-Al models provides a set of patterns and relationships
which are used to create output [36]. For example, Gen-Al chatbots leverage patterns of human
communication and are often fine-tuned to respond to users in a human-like way [21]. The effects of
training data and fine-tuning can be seen in chatbot responses as they simulate a friend, recommend
common products, and convey realistic looking emotions (see figure 1).

The use of generative-Al based chatbots in marketing has become more prevalent in recent
years [52]. Previous work has found this technology to be effective in encouraging consumer
purchases and increasing trust in a general context [27, 62, 94]. In fact, some studies have even
shown that this technology leads to increased impulse purchasing [50]. One potential reason
for this is that many of these chatbots are designed to intentionally mirror human identity cues
(e.g., appearance, naming conventions)[27, 94]. Furthermore, these chatbots can provide human-
like output 24/7 [79]. Despite being shown to be effective broadly, there is little work that has
investigated whether certain populations are more susceptible than others to generative-Al chatbot
marketing. Understanding whether some populations are more vulnerable is important to consider
when defining the boundaries within which these technologies should be able to operate.

Prior work has outlined ethical concerns and guidelines regarding generative-Al chatbot tech-
nology [79]. The primary risks cited are humanizing chatbots, information asymmetry, and privacy
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violations [64]. Recommendations from prior work include attention to potential bias, trans-
parency, human oversight, continuous monitoring, and increased attention to privacy needs
[10, 23, 35, 42, 59, 78, 79]. The White House has also created a blueprint for an AI bill of rights which
states that AI designers need to incorporate 1) safe and effective system designs, 2) algorithmic
discrimination protections, 3) increased data privacy, 4) notice and explanation, and 5) human
alternatives, consideration, and fallback [6] into their Al-based designs. The call for notice and
explanation cites that Al-designers must make it clear that an Al-system is being used. Without an
increased understanding of differences between various populations, we may not understand the
full scope of necessary ethical considerations.

Prior work has also examined the ethics of designing technologies for vulnerable populations.
One important principle in this work is "nothing about us without us" [26, 101], meaning that
the design process should be inclusive of those from marginalized population. Including autistic
users in the design of Al technologies is important as there are limited training datasets consisting
of data collected solely from neurodiverse populations. This limitation has been difficult for past
researchers as they attempt to design Al technologies for this population. For instance, one study
designed a tool, trained on data from the general population, that recognized facial expressions[18].
When this feature was tested on an autistic population, they found that participants either felt like
the feature was inaccurate or doubted their own abilities to recognize emotions. Finally, prior work
has concluded that as we design for marginalized communities, it is important to take into account
various factors often excluded from research, such as the "political, historical, and communal
roots"[100].

2.3 How People Perceive and React to Non-Human Actors

In the age of artificial intelligence (AI), research about anthropomorphism has increased [55].
Anthropomorphism is when human-like characteristics are attributed to nonhuman things [34].
The proliferation of Al has allowed for a greater level of human-like qualities to be conveyed
through technology [55, 81]. The majority of studies examining Al and anthropomorphism have
focused on voice assistants, social robots, and autonomous vehicles [55]. When Al technologies,
such as chatbots, have positive anthropomorphic attributes (e.g., perceived warmth), it has been
found to lead to increased user trust [27]. Furthermore, anthropomorphism can lead to an increase
in persuasiveness [97]. Simultaneously, feelings of discomfort due to the "uncanny valley" may
arise and reduce trust if the feature is designed in a way that is perceived as too real for comfort
[44, 45, 60, 93]. There are also ethical concerns regarding anthropomorphism and Al features that
these features will promote incorrect views and beliefs about the capabilities of Al such as creating
perceptions of Al as moral agents and creating either undue fear or unchallenged optimism [81].

In the CSCW community, anthropomorphism and conversational agents have been studied in a
variety of contexts, such as mental health chatbots [98], text-based conversational agents [83, 96],
voice-based conversational agents [75, 85, 96], and online home assistants [82]. Work has examined
a variety of aspects of conversational agents and anthropomorphism, such as their perceived moral
agency [98]. One such study found that perceived moral agency would lead to significantly higher
levels of likeability [98]. Similarly, work has examined the role of anthropomorphism in users’
trust towards conversational agents [85]. This work found that there was a correlation between
anthropomorphism, relationship development, and trust in conversational agents. Other work also
found that when technology designers follow user-centered design, users would have significantly
higher levels of trust in the conversational agent [83].

Research examining autism and anthropomorphism is conflicting. While the majority of stud-
ies have found that autistic individuals are more likely to anthropomorphize than neurotypical
individuals [25, 28, 99], a few studies do indicate that anthropomorphism occurs at similar rates
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Fig. 1. Real conversations from the Meta-Al Chatbots

[70]. Prior work has found that anthropomorphism can have negative effects on this population
including feelings of distress, concern, and loneliness [99]. Much of the scholarship on autism and
anthropomorphism has studied physical non-human objects and little is known about attitudes
towards technology [11, 25, 28, 99]. Furthermore, it is unclear the characteristics of the autistic
populations under study in much of this work on autism and anthropomorphism. Namely, whether
they are individuals with substantial support needs, a more general autistic population, or if they
are focused on autistic individuals without substantial support needs as is much research in the
autism and technology space [13, 25, 28, 70, 99].

The limited work on autism and anthropomorphism at CSCW and CHI has focused on tangible
technologies such as robots [12, 80]. Furthermore, work has predominantly studied children [102]
or special education practitioners to children [12]. Previous research has found that autistic children
would naturally anthropomorphize physical technologies, stroking it and calling it human names
[102]. We extend this line of research by studying anthropomorphism of non-robot technologies for
autistic young adults. Under this framework of anthropomorphism, we would expect that autistic
YAs would be more likely than neurotypical individuals to change their perceptions based off of
chatbot interactions, as they are more likely to anthropomorphize them.
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Digital literacy has also been found to be a factor in whether an individual is persuaded by Al For
instance, in the context of Al-based digital marketing with the general population, one study found
that higher digital literacy is associated with not being as influenced by Al-based marketing [76]. It
is unclear whether these findings apply for autistic individuals. However, prior work has found
that lower digital literacy in context of social media and autistic young adults leads to increased
online risk and resulting harms from overly trusting bad actors [31, 72]. Research needs to examine
whether low digital literacy for Al-based digital marketing also leads to increased harms.

2.4 The Computers as Social Actors Paradigm

Another theoretical framework used to understand social relationships between users and technol-
ogy is the the Computers as Social Actors (CASA) paradigm. This theory, when first published at
CHI by Nass et al. [68], found that humans interact socially with certain technology much like hu-
mans would interact socially with other humans in similar situations. It was concluded that despite
users perceiving social responses to technology as inappropriate, their interactions were still driven
by natural instincts to engage socially. Much of this research has been expanded at CSCW/CHI and
has explored different social interactions including user perceptions on technological politeness
and reciprocity, personalities and emotions, and gender stereotyping [38, 54, 65, 67, 68]. Compared
to anthropomorphism, however, this paradigm does differ by arguing that these social interactions
are mindlessly and naturally applied, whereas anthropomorphism requires more reflective thinking
and thus mindfully maps human-like characteristics to technology [9, 66, 105]. Since this work,
the CASA paradigm has been applied to understand countless user and technology interaction
studies. It has extended from computers and televisions [66] into chatbots [16, 56, 57, 63, 82], robots
[30, 48, 77, 89, 90], and Al [53, 73, 106].

Specifically with chatbots, research shows that, as inferred by the CASA paradigm, designing
chatbots to respond more humanly has produced results in which users respond more socially
[16, 56, 63]. For example, when chatbots used emotions when providing recommendations, users
were more willing to accept those recommendations as well as reciprocate such emotions [56].
Multilingual users also found interactions with chatbots more natural and preferred especially
when chatbots would employ and match multilingual communication, as opposed to chatbots who
did not [16]. Lastly, chatbots who utilized self-disclosed information from users when responding
to stressful situations were perceived just as competent and warm as the human counterpart who
followed a similar interaction pattern [63].

However, though the CASA paradigm infers that social interaction between users and technology
will map to similar social interaction between humans, there is little research in understanding
the nuances of these human-technology interactions and how differing technological social cues
can alter or affect human social responses [63]. For instance, when robots used negative emotions
such as guilt in ways to negotiate, users began to view the robot as less credible despite the fact
that guilt is a common human negotiating tactic [90]. Furthermore, there has been little to no work
with this paradigm and autism in general, let alone with chatbots. As CASA focuses on the social
interaction between technology and the user, and autistic individuals may be more likely to perceive
interactions differently than neurotypical individuals [24], there are likely to be differences in this
paradigm between these populations. As such, we would expect that, under the CASA paradigm,
neurotypical users would likely show changes in perception based on the social cues of the chatbot.
However, given the lack of research, we are unsure whether or not this paradigm can be applied to
predict autistic YAs changes of perception.
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3 Hypotheses

Little work has examined how the influence of generative-Al based chatbots varies between
populations. Despite this, prior work has found that autistic individuals may be more likely to
anthropomorphize nonhuman characters than neurotypical individuals [25, 28, 99], which may
lead to an increased likelihood of chatbots being able to change their preferences. There is no work
which directly indicates that there will be a difference between autistic YAs with substantial support
needs and without substantial support needs. Despite this, autistic YAs without substantial support
needs have been shown to have higher rates of access to education [87]. In previous research,
digital literacy has been shown to increase the likelihood that an individual will not be persuaded
by AI [76]. As such, we hypothesize:

Hypothesize 1 - Autistic YAs with substantial support needs will have a greater change
in item ranking than neurotypical individuals.

Hypothesize 2 - Autistic YAs without substantial support needs will have a greater
change in item rankings than neurotypical individuals.

Hypothesize 3 - Autistic YAs with substantial support needs will have a greater change
in item rankings than autistic YAs without substantial support needs.

4 Methodology

To better understand whether chatbots influence consumer preferences for autistic young adults
and at a higher rate than for young adults in the general population, we ran an experimental survey.
In the following sections, we explain the study design.

4.1 Survey Instrument

In order to answer the research questions, we deployed an experimental survey where participants
were asked to 1) rank their personal preferences for various consumer items, 2) perform an in-
tervening task of answering several questions, 3) view a chatbot interaction where the chatbot
exhibited opposite preferences, 4) re-rank their preferences for those items and then 5) complete
level of trust scales and provide demographic information. On average, the survey took 22:34 min-
utes for autismgypszantiar, 15:19 for autismgeperqr, and 16:02 for the general group. In the following
paragraphs, we will further detail these steps:

1. Rank Consumer Items (30 questions): On the survey, participants first ranked a variety of
common consumer products: candy bars, activewear brands, fast food companies, soda brands,
and music genres (specific items listed in appendix B). These items were chosen with input from
a multi-disciplinary team of autism researchers as well as autistic young adults on a university
autism panel. They were chosen specifically because researchers felt that these categories would be
relevant to a broad range of autistic individuals as they are gender-neutral, apolitical, and broadly
available. The items chosen were rated as the most popular of their product category.

2. Intervening Task (75 questions): After initially ranking the topics, the participants completed
the AQ [15] and CAT-Q [46], common autism screening scales. These were used as an intervening
task to add space between the initial item ranking and subsequent ranking.

3. View Chatbot Interaction (10 attention check questions): Participants were then asked, "If you
were to use a chatbot that looked like a celebrity, which celebrity would you choose?" They were
presented with all the options offered on Meta-Al [8]. After this, participants viewed a conversation
with their chosen chatbot, or if they had no preference, then they were randomly given a chatbot.
We chose to give participants celebrity chatbots as celebrities endorsements are effective [51] and
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commonly used in advertising. Furthermore, the MetaAlI celebrity chatbots are freely accessible to
Facebook and Instagram users and prior work has found that these platforms are commonly used
by autistic YAs [72]. The chatbot was coded to state the opposite preferences as had been indicated
by the participant. For instance, if the participant ranked Reese’s as their favorite chocolate bar and
Hershey’s as their least favorite, the chatbot would state that it’s favorite candy bar was Hershey’s
and it’s least favorite candy bar was Reese’s.

4. Re-Ranking Consumer Items (30 questions). Once having viewed these conversations, partici-
pants were asked to re-rank the items from favorite to least favorite. This is shown on figure 2.

5. Trust Scales and Demographics (33 questions): Participants then were given a modified version
of the TOAST [103] scale which measures trust in chatbots and Ohanian’s scale [71] which measures
a celebrity endorsers’ credibility. Finally, participants were asked demographic questions which we
report in section 4.2. We were advised by the field site to make all demographic questions optional
as they can be highly sensitive for the residents.

Minimizing Bias and Quality Checks. In order to minimize bias, the order in which participants
viewed consumer item topics was randomized. There were also 2 quality checks and 10 manipulation
checks in the survey. A manipulation check was performed for each of the five product types each
time after the participant viewed the chatbot, asking participants what the chatbot stated was their
favorite or least favorite item. This ensured that they read the conversation. The quality checks
were reverse-coded scale items. While we had planned to remove participant data if they missed
more than one quality or manipulation check, no participants met this removal threshold.

' l 12:20 12:20

12:29 ol - - 12:29 al -
This is a chatbot named

Dungeon Master.
If you were to use a chatbot

that looked like a celebrity, Q BTz ®
which celebrity would you
Please rank the following candy choose? Please rank the following candy
bars in order of your favorite bars in order of your favorite
(1) to least favorite (5) O kendall Jenner (1) to least favorite (5)
Dungeon Master &
ese's & Reese's
b - Pl NI e
or inappropriate, Learn more
snicker's Snicker's
Twix O Tom Brady Twix
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O Izzy Adesanya
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B) fr s Hershey's! | don't really
e ] - like Reese’s though Powered by Qualtrics 3

Fig. 2. An example of the flow of the survey

4.2 Recruitment and Participants

In order to determine how many participants to recruit, we ran a power analysis. Based on prelimi-
nary pilots, we predicted that we would want to detect an effect size of 1 standard deviation, with an
a error probability of 0.05, and power of 0.95. In order to power this, we would need 27 participants
per group. As such, we recruited 30 young adults (18-29) who did not identify as autistic and 30
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autistic young adults (18-29) from the general public using the platform Prolific. Prolific supports
administering a survey to a specific demographic. We chose an autistic sample for our autisticgeneral
group. Users self-identified as autistic when they signed up for Prolific. As autism is frequently
under-diagnosed [17, 41], self-report is a common metric used in autism research [61]. In order to
recruit autistic YAs with substantial support needs, we recruited from a local residential facility. In
total, we were able to recruit 27 participants through our field site. We recruited these participants
as part of a larger ongoing longitudinal study. All of these participants had the necessary reading
level to be able to complete the survey on their own. Researchers and field site staff were in the
room, but no assistance was needed.

Our participants are divided into three groups: autismgypstantial, autismgenerar, and general. The
autisMgypsrantial group consists of autistic YAs who live in a residential facility that provides classes
to learn and support life skills. These individuals have level 2 support needs, meaning they require
substantial support in their daily lives [3]. The autismgenerqr group were individuals who identified
as autistic on Prolific. These participants tended to have a higher income and education level
than the autismg,pstantiar group. These group differences align with prior research which found
that autistic individuals who have "higher functioning ability" were more likely to participate in
post-secondary education and employment [87]. Finally, the general group consisted of young
adults on Prolific who did not self-identify as autistic. The demographic differences between groups
are displayed on table 1.

The survey was deployed to the autismgy,ps;ansiar group in March-September, 2024. It was deployed
to both the autismgyenerqas and general group in May, 2024. All participants passed the quality checks.
Participants from Prolific were paid $5 upon completion of the survey. Participants from the local
residential facility took this survey as part of a larger class, where they were given $10 Amazon
gift cards for completing the class, including survey completion.

4.3 Data Analysis

Prior to viewing the chatbot interaction, users ranked the 5 consumer preference topics. For each
consumer preference topic, the user’s favorite is ranked as ’1’ and least favorite as ’5’. From this
initial ranking we were able to acquire their initial favorite item (Favoritelnitial) and initial least
favorite (LeastInitial) item. After viewing the chatbot interaction, users re-ranked the 5 consumer
preference topics. We gauged whether the new ranking of the Favoritelnitial product (FavoritePost)
and the LeastInitial product (LeastPost) had changed. While we initially tested to see if there was
individual variation in whether ranking had changed between product types, we found that there
was not a difference. Thus, we use the average FavoritePost value across all five products for a given
user (and average LeastPost values) for the analysis in this paper. Note that the average ranking for
Favoritelnitial is always 1 and the average ranking for LeastlInitial is always 5. We examined the
difference between initial ranking and post ranking and have included them in appendix A.

To measure whether amount of change in ranking varied between participant groups, we ran
Mann-Whitney U tests. For these tests, we first found the average amount of change in ranking
for the favorite items (initial ranking - post ranking). We then compared these changes between
groups. We repeated this for least favorite items. We ran a regression to predict change in ranking,
controlling for the participants 1) trust in a celebrity endorsement [71], and 2) trust in chatbots
(adapted to be chatbot specific from TOAST scale [103]). The trust in celebrity endorsement
scale measures the perceived expertise, trustworthiness, and attractiveness of a celebrity. The
adapted TOAST scale measures the perceived purpose, level of performance, and understanding of
underlying processes of a chatbot.
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Group Demographics Autismg,psranrial | Autismgenerar | General
Male 9 (33.3%) 14 (46.7%) 15 (50%)
Female 11 (40.7%) 16 (53.3%) 15 (50%)
Gender Other 0(0.0%) 0(0.0%) 0(0.0%)
Prefe
refer not to say or 7 (26.0%) 0(0.0%) 0 (0.0%)
no answer
Age Average 25.04 25.03 25.13
American Indian or
Alaska Native 0 (0.0%) 1(3.3%) 0 (0.0%)
Asian 0 (0.0%) 0(0.0%) 3 (10%)
Black or African
Race American 0(0.0%) 2(6.7%) 0(0.0%)
Hispanic or Latino 0(0.0%) 4 (13.3%) 1(3.3%)
Native Hawaiian or
Pacific Islander 0 (0.0%) 0 (0.0%) 1(3.3%)
White 20 (74.1%) 22 (73.3%) 25 (83.3%
Other 0 (0.0%) 1(3.3%) 0 (0.0%)
Prefc
refer not to say or 7 (25.9%) 0(0.0%) 0 (0.0%)
no answer
Some grade school 0 (0.0%) 0 (0.0%) 0 (0.0%)
Graduated high school | 13 (48.1%) 7 (23.3%) 6 (20.0%)
Some college/university | 5 (18.5%) 8(26.7%) 6 (20.0%)
Educati Graduated
ucation ) braduared 1(3.7%) 9 (30.0%) 15 (50.0%
college/university
Started post-graduate
degree 0 (0.0%) 3 (10%) 0 (0.0%)
Post-graduate degree
(MS. BHD. ID. eto) 0 (0.0%) 3 (10.0%) 3 (10.0%)
Pref tt
reter ot 1o say or 8 (29.6%) 0 (0.0%) 0 (0.0%)
no answer
Less than $10,000 14 (51.9%) 3(10.0%) 2 (6.7%)
$10,000 to $19,999 13.7%) 2(6.7%) 0 (0.0%)
$20,000 to $29,999 0 (0.0%) 3 (10%) 1(3.3%)
$30,000 to $39,999 0 (0.0%) 1(3.3%) 2 (6.7%)
$40,000 to $49,999 0 (0.0%) 3 (10.0%) 1(3.3%)
Household | $50,000 to $59,999 0 (0.0%) 2(6.7%) 1(3.3%)
Income $60,000 to $69,999 0 (0.0%) 0 (0.0%) 3(10.0%)
$70,000 to $79,999 0 (0.0%) 2 (6.7%) 3 (10.0%)
$80,000 to $39,999 0 (0.0%) 3 (10.0%) 4(13.3%)
$90,000 to $99,999 0 (0.0%) 1(3.3%) 2 (6.7%)
$100,000 or more 0(0.0%) 10 (33.3%) 9 (30.0%)
Pref tt
Teler not ko say or 12 (44.4%) 0 (0.0%) 2 (6.7%)
no answer

Table 1. Participant Demographics
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4.3.1 Analyzing Utterances. For the last 6 participants in the autismgypssantia group, we asked
participants to share their thoughts about Al-based chatbots after taking the survey. We engaged
in an iterative inductive coding process [91] to analyze the transcripts. The first and second author
collaboratively coded all transcripts, reconciling any differences through discussion.

4.4 Ethical Considerations

This study was reviewed and approved by the authors’ institutional IRB. Participants were debriefed
at the end of the survey and explicitly told that all opinions they saw from the chatbot were fake
and coded to be the opposite of the participant’s opinions. Additionally, we wanted to be careful
in our recruitment methods for including autistic young adults with substantial support needs.
Thus, we worked with a local residential program to draw on their experience and guidance in
how to recruit and carry out the study in a way respectful and considerate of the needs of this
population. While this resulted in a smaller sample, we prioritized using an ethical recruitment
method. We consulted with field staff to ensure that we conducted sessions in a format and manner
that would be appropriate and comfortable for the participants. All participants were their own
guardians and legally able to give their own consent. Prior work has outlined best practices of
receiving informed consent from autistic participants as ensuring participants freely give consent,
using communication styles that were understandable to participants, and spending time with
participants in order to gain a trusting relationship [58]. We were also advised by the field site staff
to make all demographic questions optional as they can be highly sensitive for the residents. We
implemented these best practices with our autism gypssansiar group by 1) allowing participants to
skip any demographic questions they didn’t feel comfortable answering, 2) paying participants
regardless of whether they completed the survey, 3) having field site staff verbally explain the
consent form, and 4) ensuring participants that they can stop at any time.

5 Results

To limit instances of reporting false positives, we applied the Benjamini-Hochberg post-hoc cor-
rection [19] to all p-values. We chose a false discovery rate of 0.05, leading to a new threshold of
0.0018 with the correction. In the following sections, all values reported as significant are under
this new threshold.

5.1 How Changes in Preferences Differ Between Groups

We find that the ranking changes were significantly greater for the autismgypssantiar group than the
general population (most: z=-3.24, p=0.0012; least: z=3.08, p=0.0018). The autismgeyerq group did not
have statistically greater ranking changes from the general population (most: z=1.74, p=0.1255; least:
z=1.59, p=0.1136). The autismgypssanriar group had a significantly bigger change than autismgenerar
group for least favorite (z=4.278 p=0.0000) but not for most favorite item (z=-2.006, p=0.0466). The
differences are described on table 2. These results show that there is a difference between the three
groups in how their preferences are impacted by exposure to the gen-Al chatbot in our experiment.
Specifically, we see that autistic YAs with substantial support needs are influenced more by chatbot
recommendations than neurotypical YAs. We see that autistic YAs without substantial support
needs are not influenced by chatbot recommendations more than neurotypical YAs. Finally, this
shows that autistic YAs with substantial support needs are influenced by chatbot recommendations
more than autistic YAs without substantial support needs for the initially most favorite items. The
difference in change of least favorite item is approaching significance. We found that there was no
significant effect of trust in celebrity endorser (celeb_score) and trust in chatbots (tech_score) on
the amount of change that a participant made (shown in table 3). This indicates that the amount an
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n | Mean | Median | Std. Dev. | Diff. Test
autismyg,pgansial | 27 | -0.39 | O 0.77 3.04**
Initiall general 30 | -0.07 | 0 0.33 ’
Most Y ["autismyenerar 30 | 008 |0 0.17 74
., | general 30 | -0.07 |0 0.33 '
Favorite -
autismgypsrantial | 27 | -0.39 | 0 0.77 2010
autismgeneral 30 | -0.08 |0 0.17 ’
autismg,psranrial | 27 | 0.64 | 0.17 0.91 3.08**
Initiall general 30 | 0.21 | 0.20 0.34 )
Lot Y [ autismyenerar 30 | 0.10 | 0.00 0.16 oo
.. | general 30 | 0.21 | 0.20 0.34 '
Favorite .
autismgy,pssansial | 27 | 0.64 | 0.17 0.91 4.08%
autismgenerul 30 | 0.10 0.00 0.16 ’

Table 2. Difference in change of ranking between groups; * p-values <= 0.01; ** <= 0.0018 (threshold for
significance based on the Benjamini-Hochberg correction); *** <= 0.001. ¢ indicates that a value was significant
prior to Benjamini-Hochberg correction but not significant after correction

individual trusts a certain celebrity endorser or chatbot technology may not have an effect on the
amount they will be persuaded.

Unstandardized | Standardized 95% conf interval
Model Coefficients Coefficients | t sig for B
Std. Lower | Upper
B Error Beta Bound | Bound
1 (Initially Favorite)
(const) -0.141 | 0.534 . -0.26 | 0.792 | -1.203 | 0.921
celeb_score | -0.001 | 0.004 -0.035 -0.29 | 0.770 | -0.010 | 0.008
tech_score 0.003 | 0.006 0.048 0.41 | 0.684 | -0.010 | 0.015
2 (Initially Least Fav)
(const) 0.315 | 0.563 . 0.56 | 0.577 | -0.804 | 1.435
celeb_score | 0.003 | 0.005 0.066 0.56 | 0.574 | -0.007 | 0.012
tech_score -0.007 | 0.007 -0.116 -0.98 | 0.328 | -0.020 | 0.007

Table 3. Regression model; None of the independent variables (trust in celebrity endorser, trust in chatbot)
have an effect on the amount of change in preference.

5.2 How Autismgypsiantia; Group Talks about Chatbots

We saw that there were differences in attitudes between participants whose consumer preferences
were more greatly swayed by the chatbot compared to those who were less swayed. In order
to examine this, we performed a median split among autismgpssantiar participants. When doing
a median split of the average amount of change in preferences across all participants in the
autismgypsrantial group, 3 of these participants changed an amount above median (high persuasion)
and 3 participants changed an amount below the median (low persuasion). In the following section
we will summarize these quotes. The participants who provided qualitative data are summarized in
table 4.
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Our findings suggest that autistic participants with high support needs anthropomorphize
celebrity chatbots by assigning human-like characteristics to them, but the extent to which they
were influenced depended on whether participants held a positive feeling towards the chatbots
(e.g., perceiving them to be a friend) or felt the chatbot had negative traits (such as being creepy or
annoying in general). Positive feelings led to being more influenced by the chatbot than negative
feelings. We also found that having positive feelings about the chatbots was not necessarily
correlated with digital literacy - some participants discussed very technical details regarding GenAl
chatbots but still anthropomorphized the celebrity chatbots and felt very positively towards them.
We expand on these findings in this section.

Participant | Average Change
P1 0.0
;:Xuasion b2 0.1
P3 0.2
Median Average Change: 0.2
. P4 0.4
Eelrgs}ilasion Ps 0.6
P6 1.2

Table 4. Split of participants who provided qualitative utterances and their average change.

5.2.1 Digital Literacy. There were students in the high persuasion group who conveyed an under-
standing of how chatbots function. One student directly discussed how they felt like they needed
to be careful when consuming information given by a chatbot as it isn’t a human: "It’s not like
talking to an actual person yet. [You need to] kind of like read between the lines of like what type
of information even is." (P5). Another student in the high persuasion group displayed a deeper
understanding regarding the training process of Al features. Specifically, this student discussed how
Al is trained on user data and as such, it can be unpredictable in nature, "Coming from other user
data and all that... Since you got a chatbot still learning, it learns certain behaviors and all that" (P6).
No participant from the low persuasion group specifically discussed having a deeper understanding
of how Al-based chatbots work. However, one participant from this group did share that they did
not know or have any experiences with chatbots, "I may be old, but, but, my brain doesn’t know.
What is a chatbot?" (P1).

5.2.2  Anthropomorphism. Participants in both the high and low persuasion group seemingly an-
thropomorphized chatbots and Al Interestingly, participants in the low persuasion group appeared
to anthropomorphize chatbots with more negative human-like characteristics. Participants in the
high persuasion group appeared to anthropomorphize chatbots more positively.

Negative Human-Like Attributes. The sentiment that chatbots are creepy came up with one
participant from the low persuasion group. This participant shared a previous experience which
made them feel uncomfortable with Al Namely, this participant shared that an Al actor was able to
"find out’ their name, "I talked to one once, and it found out.. I never told it my name, but it, like, found
out my name was [NAME]" (P2) This resulted in this participant having a lasting impression that Al
was something to be concerned about, sharing "I hate AI" (P2) and "that was really creepy” (P2). One
participants in the low persuasion group also noted finding Al to be annoying. This participant
felt that AI provided an excessive amount of information, "It goes on and on and on, and you’re like
okay, stop... Alexa, shut up. I don’t want to hear you anymore. Alexa, go just sleep” (P1)
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Positive Human-Like Attributes. Some participants from the high persuasion group also assigned
positive human-like attributes to Al chatbots. For instance, one participant from the high persuasion
group shared that they were able to utilize chatbots for socialization when they were unable to
get that offline, "I usually didn’t talk to a lot of friends back in high school and during my earlier
school years. I would use the chatbot to, you know, have a bit of a friend... you need to have a little
friend there for that temporary serotonin boost"(P6). Another participant from the high persuasion
group similarly noted the positive attributes of chatbots. This participant described how they felt
that chatbots excelled against humans when it came to providing information, "They have the
information on hand... So I feel like it’s more efficient than a person would be. (P4)".

6 Discussion

Overall, we found that autistic YAs with substantial support needs were more likely than either
neurotypical or autistic YAs from the general population to change their consumer preferences based
on celebrity chatbot interaction. There may be a few additional reasons for this. First, autistic adults
with substantial support needs have been found to be more likely to anthropomorphize non-human
actors [25, 28, 99]. This also aligns with the limited work in HCI venues on anthropomorphism
and autism which found that autistic children would naturally anthropomorphize objects [102].
Our exploratory qualitative findings also indicate that participants in the autismgypssantiar group
anthropomorphize chatbots. Interestingly though, even the participants who demonstrated the
smallest changes in preferences anthropomorphized chatbots by assigning negative attributes, such
as creepy or annoying, to Al-based technologies. Those who changed their preferences the most
were more positive in their characterization of chatbots. This differs slightly from work with the
general population which has found that more anthropomorphism leads to increased trust [27],
which in turn may lead to an increased rate of attitudinal changes. Our results also slightly differ
from prior work that shows anthropomorphizing may lead to being more persuaded, as autistic
adults who do so may try to avoid negative feelings due to upsetting the object [99]. Among the
autism gy, pszantigrparticipants, those who were least persuaded still anthropomorphized the chatbot,
but tended to have negative feelings towards it. As such, they may have less concerns regarding
upsetting these conversational agents. These anthropomorphizing explanations of behavior are
more in line with our findings than previous studies which utilized the CASA paradigm with the
general population and found that feelings of guilt would lead to the user viewing the chatbot as
less credible [90]. Thus, we urge researchers to focus on anthropomorphism in context of gen-Al
chatbots, particularly for autism.

Our exit interviews did not show a direct correlation between digital literacy and the extent to
which an individual was likely to change their preference. Namely, we found that even participants
who had a fairly deep understanding of how AI works, were still likely to change their preferences.
This differs from previous work with the general population which has found that individuals
are more easily persuaded by Al if they have lower levels of digital literacy [76]. Our results
indicate that knowing how Al works doesn’t actually protect autistic YAs with substantial support
needs from being influenced by chatbots. This poses a challenge for technology designers and
researchers to further investigate how to overcome. This also indicates that guardrails may need to
be implemented by technology designers and policymakers to better support this population.

6.1 Implications for Technology Designers

Technology designers may want to consider developing a "safe mode" for generative-Al based
chatbots. When in this mode, users can interact with chatbots that have been fine-tuned to be less
human-like. Based on prior research, this may lead to a lower likelihood of anthropomorphism
[94] and therefore also a lower level of susceptibility to being persuaded. Furthermore, to reduce

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW464. Publication date: November 2025.



Persuasiveness of Conversational Agents for Targeted Advertising: Autism and Gen-Al Chatbots CSCW464:15

anthropomorphism, designers may remove or limit human-like characters associated with the
chatbot. The safe mode could also allow for specific filters to filter out topics such as *products’. This
could be implemented similarly to existing filters which block sensitive content [22]. Designers
may also consider additional oversight on the data used for training, such as ensuring it doesn’t
include potentially sensitive topics for this population like brand names. However, a limitation
of this though is that it can be quite expensive to train models [86], and thus having a separately
trained "safe mode" model may not be possible.

Online platforms, such as Meta, already offer different functionality for teenagers [1]. Exist-
ing features for teenagers include only displaying specific content and removing the ability for
advertisers to target them based on interests [1, 7]. A limitation of the teen mode is that it does
not allow for full privacy and independence as the features are contingent on having a parent or
guardian making decisions for the teen user. As such, adapting features, such as limiting interest
based targeted advertising, without requiring a guardian decision-maker, may be beneficial for this
population.

Furthermore, technology designers should consider co-designing new chatbots with stakeholders.
Firstly, technology designers should follow "nothing about us, without us" principles common in
disability studies and work directly with autistic individuals [26]. Moreover, our findings indicate
that designers should work with autistic YAs who have a broad range of support needs; if they
only focus on those with lower support needs, they may miss out on specific potential harms
with the design. For autistic YAs with substantial support needs, support from their broader social
network has been found to play an important role in keeping the individual safe online [31]. As
such, designing chatbot technologies which utilize these supports may be beneficial.

6.2 Implications for Policymakers

While there are existing regulations protecting certain vulnerable populations, such as teens
from targeted ads [4, 5], this study underscores the need to extend protections to neurodiverse
populations with substantial support needs. Namely, conversational celebrity chatbots that are
not marketing-specific should have limits regarding advertising. Chatbots for marketing should
have clear disclosures regarding generative-Al and have less human-like attributes (e.g., a name
or human appearance). Furthermore, this work also indicates the need for further Al regulations.
While the U.S. White House has made recommendations for designers to provide a "notice and
explanation" of Al-systems [6], there are few details on how this should actually be implemented.
Similar to technology protections for other vulnerable populations [4, 5], guardrails may need to
be put into place on the use of highly anthropomorphized celebrity chatbots. Their use may need
to be limited for certain types of products that can be harmful. Additionally, their use may need to
be limited for certain audiences who can be more easily persuaded, such as autistic individuals
with substantial support needs. This needs to be a collective effort where stakeholders engage with
one another to develop such ethical guidelines.

6.3 Implications for Researchers

In the HCI community, autism-related studies often focus on autistic individuals without substantial
support needs. Autism can present itself in broad range of ways though [84]. Our work highlights
the need to also focus on autistic individuals with more substantial support needs. Specifically, our
findings indicate that autistic individuals without substantial support needs may align more closely
with neurotypical individuals. And thus, when only focusing on a more general autistic popula-
tion, researchers may be missing out on not just the severity of problems, but also the problems
themselves. For instance, some studies have found there to be no differences in anthropomorphism
between autistic individuals and neurotypical individuals [70] while others have found differences
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[25, 28, 99]. These studies did not clarify which autistic population they were working with which
may be a possible reason for the differences in results.

Prior work on autism and anthropomorphism at CSCW and CHI has focused on autistic children
[102]. This work takes the first step in exploring anthropomorphism for autistic adults in an HCI
context. Furthermore, the vast majority of work which examines anthropomorphism and autism
in HCI venues explores physical technologies such as robots [12, 33, 102]. Despite studying a
different modality, our work similarly finds that autistic individuals may be likely to naturally
anthropomorphize non-human actors.

6.4 Limitations and Future Work

As we used a survey instrument, participants didn’t actually interact with a chatbot, only viewing
an interaction. Despite this low bar of persuasion, we still saw a significant change between pre- and
post- ranking. This indicates that there may be an even larger difference in ranking if individuals
were actually interacting with the chatbot that is more engaging and personable. Furthermore,
as we asked about perceived preference, we don’t know about actual impacts on behavior. While
behavioral intention should lead to behaviors [37], future work can empirically validate whether
our results hold in actual conversations between chatbots and users, and longitudinally investigate
behavioral change.

Not having an empirical measurement of anthropomorphism limits our ability to detangle our
results and make claims about anthropomorphism more generally. We focused on a celebrity/high
anthropomorphism condition. Despite this, there was still a difference between participant groups,
indicating that autistic adults with substantial support needs may be significantly more at-risk than
their neurotypical counterparts when facing this specific type of highly effective targeted advertising.
To be able to measure anthropomorphism though, future work would need to modify existing scales
which examine anthropomorphism more broadly, not even in context of technology [69]. A scale
tailored to chatbots would help us better understand the extent to which anthropomorphism plays
a role. Our work suggests that we would also need to measure whether characteristics associated
with the chatbot are positive or negative.

Our research focused on between group differences when the chatbot disagreed with the user.
However, future work could also include a control group where chatbots have the same opinions as
the user to see In order to compare between groups, we tried to control for trust in technology and
trust in celebrity endorsers, but found these factors to have insignificant effects on the outcome.
Future work can examine the differences in change of perceptions between interactions with a
chatbot that has the same opinion and a chatbot that has a different opinion.

Participants specifically interacted with celebrity chatbots. We chose to focus on celebrity chatbots
to maximize the anthropomorphic characteristics of the chatbot. Future research can build on our
initial findings, and investigate whether technologies with differing levels of anthropomorphism,
or without a celebrity likeness, still can persuade the user.

While there were no direct measures of whether the autismgeperq1 group had lower support
needs, research has found that individuals in this population who have lower support needs have
higher rates of access to education and employment than those with substantial support needs [87].
This aligns with the demographic information on education and income with our groups. Despite
this, there is a chance that some of our participants in this group may have had higher support
needs. Due to this, our findings regarding differences between the groups may be a conservative
estimate.

Furthermore, as we did not force responses to demographic questions, many in the autismsypssantial
group chose to not to answer demographic questions. The autismgypsanriar group was also geo-
graphically bound to one area. Meanwhile the autismgeperq; and general group were from a larger
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geographical region. This limits the generalizability of our results. As autistic individuals with
substantial support needs are a hard to reach population, recruitment took place through a local
residential facility that the authors have a pre-existing relationship with. Future work can establish
relationships with field-sites in a larger geographical region.

Our results are exploratory and based on a small sample. Furthermore, as autistic individuals
with substantial support needs are a hard to reach population, we had a smaller sample size in the
autisMgypsranrial group than other groups. Future research can expand the size of the sample to
evaluate the generalizability of these results.

7 Conclusion

In this study, we explored whether the effects of generative-Al chatbots on consumer preferences
would vary between autistic and neurotypical young adults. We found that autistic young adults with
substantial support needs were more likely to be persuaded by celebrity chatbots than neurotypical
young adults or autistic young adults without substantial support needs. This work takes the first
step to understanding the potential harms associated with chatbot use in an advertising context
for autistic young adults. Our results indicate the need for increased participation in research
from autistic individuals with substantial support needs, increased regulatory protections against
generative-Al chatbot advertising, and an increased awareness of the potential harms which arise
from use of such technology.
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A Within-Group Differences

Table 5 shows the change in ranking for each group from their initial ranking to post ranking.
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Mean Median Std. Dev. ]
" Pre [ Post | Pre | Post | Pre | Post Diff. Test

Initially
Most 27 |1 1.39 | 1 1 0 0.77 | -3.42***
Favorite
Initially
Least 27 |5 436 | 5 46 |0 0.91 | 4.45™**
Favorite
Initially
Most 30| 1 1.08 | 1 1 0 0.17 | -2.64"
Favorite
Initially
Least 30 | 5 4.9 5 5 0 0.16 | 3.15™*
Favorite
Initially
Most 30 |1 1.07 | 1 1 0 0.33 | -1.41
Favorite
Initially
Least 30 | 5 4.8 5 48 |0 0.23 | 4.15***
Favorite

autisSMsypstantial

autismgeneral

general

Table 5. The change in rating of most and least favorite items before and after chatbot interaction; Pre=pre
chatbot ranking; Post=post chatbot ranking; * p-values <= 0.05; ** <= 0.01; *** <= 0.001; Means, medians, and
standard deviations are all averaged across the 5 consumer product types

B Consumer ltems

e Candy Bar
— Hershey’s
— Reese’s
— Snicker’s
- Kit Kat
- Twix

e Activewear
— Nike
— Lululemon
- Adidas
— Under Armour
— Athleta

e Fast Food
— McDonalds
— Chick-Fil-A
— Taco Bell
— Burger King
— Wendy’s

e Soda
— Coke
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— Diet Coke
— Pepsi
- Dr. Pepper
— Mountain Dew
e Music Genre
- Pop
- Rock
- Hip-Hop/Rap
— Electronic Dance Music (EDM)
- Country
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