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A B S T R A C T

Drawing from the affordances concept in communication and the advertising research principle of context 
alignment, this study develops a typology of affordances associated with AI chatbot use across diverse contexts 
and cultures. We argue that the congruence between perceived affordances and the context of use significantly 
shapes users’ expectations and engagement with AI chatbots. As a first step, we developed a comprehensive set of 
AI chatbot affordances. Subsequently, we investigated the predictive value of these affordances for chatbot use 
across five different contexts, including at home, at work, in public spaces, during commuting, and at school. In a 
total sample of N = 5096 AI chatbot users from mainland China, Germany, Hong Kong, Japan, and the United 
States, parallel analysis identified seven general (private social presence, accessibility, persistence, anonymity, 
bandwidth, editability, and conversation control) and five specific affordances (writing assistance, emotional assis
tance, coding assistance, personal assistance, translation assistance) for the use of AI chatbots. These affordances 
consistently predicted context-specific AI chatbot use across cultural boundaries.

Since the launch of OpenAI’s ChatGPT in late 2022, the public has 
widely recognized the transformative potential of AI chatbots (van Dis 
et al., 2023). AI chatbots are sophisticated computer programs designed 
to emulate human-like conversation, using advanced artificial intelli
gence technologies such as machine learning and natural language 
processing to interpret user inputs and generate contextually accurate 
responses. These conversational agents—alongside voice assistants and 
personal digital assistants—constitute the broader category known as 
"conversational AI," which has become synonymous with this rapidly 
evolving technology (Serban et al., 2017). In contrast to earlier chatbots 
like Weizenbaum’s ELIZA (Weizenbaum, 1966), which operated on 
predefined rules, contemporary AI chatbots employ automated rein
forcement learning based on user interactions, enabling them to 
continually refine their communicative competence (Car et al., 2020). 
Modern AI chatbots can process not only text but also visual and audio 
inputs, bridging the functionalities traditionally associated with voice 
assistants, whose roles have expanded well beyond scheduling tasks, 

playing media, or online shopping assistance. ChatGPT, in particular, 
has markedly accelerated the global adoption of AI chatbots, sparking 
widespread curiosity and experimentation across diverse use scenarios. 
This rapid evolution reignites an essential research question posed 
previously by Brandtzaeg and Følstad (2017): What drives individuals to 
engage with AI chatbots, and more precisely, in which contexts and for 
what specific purposes are these tools employed?

Conceptually, this paper synthesizes assumptions from Sundar and 
Limperos’ (2013) MAIN model—which differentiates general and spe
cific platform uses and gratifications—with insights from Fox and 
McEwan (2017) on the social affordances of new communication 
channels. This integrated theoretical approach enables us to systemati
cally distinguish between general and specific affordances provided by 
AI chatbots. Further informed by the advertising research principle of 
context alignment (Stipp, 2018), we propose that the congruence be
tween the content communicated by AI chatbots and the contexts in 
which human–chatbot interactions occur jointly shapes user 
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expectations and goals. In other words, when AI chatbot affordances 
precisely align with the immediate contextual demands, their perceived 
utility and effectiveness are significantly amplified.

Empirically, this paper introduces seven general and five specific 
affordances of AI chatbots and examines their predictive value regarding 
context-specific AI chatbot adoption. Specifically, we analyze which 
general and specific affordances predict chatbot use across diverse 
everyday contexts, including at home, at work, in public spaces, during 
commuting, and at school. Our approach includes additional analyses 
stratified by age, gender, and education level, leveraging data collected 
simultaneously via standardized surveys conducted in five culturally 
diverse regions—mainland China, Germany, Hong Kong, Japan, and the 
United States—in summer 2024.

1. General and specific affordances of using AI chatbots

As of today, several globally recognized AI chatbots exist, including 
Amazon’s Alexa, Apple’s Siri, Google’s Gemini, Meta’s Meta AI, and 
Microsoft’s Copilot. In non-Western countries, popular local AI chatbots 
such as 小爱同学 (Xiao AI, similar to Siri) and 文心一言 (Baidu’s Ernie 
Bot, similar to ChatGPT) have millions of daily users. From a uses and 
gratifications perspective, the motivations for spending time with these 
AI chatbots can be divided into user-centered conceptualizations and 
platform-centered, affordances-based approaches (e.g., Sundar & Lim
peros, 2013; Scherr & Wang, 2021), which suggest that individuals use 
AI chatbots to fulfill needs driven by the technology.

As AI chatbots become increasingly embedded in everyday life as 
multipurpose tools used for tasks ranging from emotional support to 
automation, understanding how users perceive these systems and their 
capabilities becomes critical. The concept of affordances provides a 
valuable lens for examining these perceptions and their behavioral im
plications across different cultures and contexts. Affordances are central 
to our understanding of how users interpret and engage with AI tech
nologies. Unlike static, feature-based models, affordances emphasize the 
relational and context-sensitive nature of AI use, highlighting how 
functionalities emerge through user perception and situational de
mands. This perspective is particularly important in the age of genera
tive AI, where human–AI interactions are increasingly personalized and 
culturally embedded. Studying AI affordances thus provides a robust 
explanatory framework for understanding user behavior, guiding the 
development of more effective and culturally inclusive AI designs.

Both user- and platform-centered approaches help to conceptualize 
AI chatbot use. Following Sundar and Limperos’ (2013) suggestions, 
general AI chatbot affordances should be further refined to also include 
distinct affordances unique to these platforms. The concept of affor
dances was first introduced by Gibson (1979), who defined them as the 
functional attributes of an object that suggest possible actions users can 
perform. Norman (1999) expanded this concept to perceived affordances, 
which are based on user experience. We recognize that the concept of 
affordances has been used inconsistently within communication 
research (Evans et al., 2017), often conflated with the features or out
comes of a technology. For instance, in the context of AI chatbots, a 
feature might be their ability to analyze and interpret input, which users 
can leverage as a tool to produce a desired outcome. Thus, an AI chat
bot’s “assistability” constitutes an affordance following the suggested 
threshold criteria (Evans et al., 2017) and can be further specified. 
Importantly, users interpret affordances based on their individual ca
pacities, yet only utilize those they perceive as relevant within a given 
context (Fox & McEwan, 2017). For AI chatbots, drawing from the CASA 
paradigm (Gambino et al., 2020), it can be argued that perceived social 
affordances also apply to AI chatbots as social actors.

General social affordances operate across platforms or communica
tion channels (Fox & McEwan, 2017) and include accessibility, band
width, social presence, privacy, persistence, editability, conversational 
control, and anonymity. In general terms, AI chatbots are easily acces
sible from almost anywhere and offer a broad emotional bandwidth, 

allowing users to express emotions not only through text, but also via 
voice or images. This versatility makes them useful in different contexts. 
Prompts can be carefully engineered and easily edited to adapt to users’ 
situational needs. Since the advent of ChatGPT, AI chatbots increasingly 
give users the impression that the conversation is with a real person, 
enhancing the sense of social presence. Simultaneously, the privacy of 
these conversations, which are not visible to others, increase users’ 
perception of anonymity, potentially encouraging a more open dialogue 
with the AI. Additionally, the persistence of AI chatbot conversations 
allows the chatbots to learn over time and become more attuned to the 
user’s needs, which speaks to the dynamic nature of affordances. 
Importantly, while anthropomorphic design in non-human AI chatbots 
is often praised for enhancing engagement and fostering more natural 
interactions, research cautions against one-sided optimism. Highly hu
manlike AI chatbots may blur boundaries between reality and fiction, 
leading to cognitive confusion, distorted social expectations (Yu & Lan, 
2024), and increased risks of over-dependency (Xie et al., 2023). Strong 
humanlike features also raise concerns about misplaced trust, inflated 
perceptions of empathy, and emotional overreliance (Schroeder & 
Epley, 2016).

Beyond these general affordances, a chatbot’s assistability, broken 
down into specific AI chatbot affordances meet context-specific, assis
tive needs. These include assisting in information extraction (Chen et al., 
2023), AI generated content (Wang et al., 2023), translating and 
learning languages (Kim, 2019; Zhai & Wibowo, 2022), help in pro
gramming and editing code (Groothuijsen et al., 2024; Liang et al., 
2024), assistance in educational learning (Labadze et al., 2023; Wu & 
Yu, 2024), generating new ideas (Wieland et al., 2022), offering 
emotional support (Chin et al., 2023), and acting as virtual personal 
assistants (Yang & Lee, 2019). Currently, there is no settled-upon sys
tematization of specific AI chatbot affordances under the umbrella of 
their assistability. For example, Ramaul et al. (2024) recently differen
tiated between creational affordances (generating new outputs), and 
conversational affordances (interaction options). Similarly, Mygland et al. 
(2021) identified nine specific AI chatbot affordances, which include 
human-like conversing, assistance provision, facilitation, distilling in
formation, enriching information, context identification, personaliza
tion, fostering familiarity, and ensuring privacy.

However, this emerging literature remains fragmented—many 
studies isolate individual affordances or use cases without offering a 
broader conceptual map. Our contribution with RQ1 is to integrate these 
scattered strands into a systematic typology that combines both general 
affordances and specific affordances of AI chatbot use. This approach 
aligns with the previously discussed issues when conceptualizing 
affordances of new technologies (Evans et al., 2017), avoiding the 
simple continuation of legacy media affordances without adjusting them 
to contemporary user experiences (see Sundar & Limperos, 2013). This 
necessitates selecting appropriate general social affordances (Fox & 
McEwan, 2017), assessing their applicability to AI chatbots, and inte
grating them with the new, specific affordances of this evolving tech
nology (e.g., Mygland et al., 2021).

This integration can be conceptually grounded in the HAII-TIME 
model (Sundar, 2020), which was developed to study Human-AI in
teractions. The model treats technological affordances as the primary 
independent variable and links features to user outcomes via two psy
chological mechanisms: the cue route (how affordances are perceived by 
users) and the action route (how users engage with them). Importantly, 
in this view, affordances are not fixed properties. A specific affordance 
(e.g., a translation capability)—a rather technical feature—can enable 
general action possibilities (e.g., cross-language communication), while 
seemingly general features (e.g., editability) can facilitate highly spe
cific user actions (e.g., customizing social media content for 
self-expression). Therefore, in line with the HAII-TIME model (Sundar, 
2020), both general and specific affordances share a conceptual 
grounding in these action possibilities. Adding to this line of research, 
our first research question was. 
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RQ1: What are the general and specific affordances of AI chatbots for 
their use?

While some of these affordances build on prior work, this study ad
vances the field in two important ways: First, it systematically recon
textualizes existing media-channel affordances for AI chatbot use—a 
domain in which the functional implications of media channel affor
dances like persistence, editability, or anonymity (Fox & McEwan, 2017) 
for human interactions shift towards a more dynamic agency and mutual 
adaptivity. Second, rather than offering an entirely new list of affor
dances, this study systematically models their context- and 
culture-specific, predictive value across five countries and five contexts. 
This cross-cultural, context-sensitive modeling reveals affordances as 
dynamic, relational constructs rather than fixed properties, which we 
believe constitutes a meaningful empirical and conceptual 
advancement.

2. Context alignment as an explanation for the success of AI 
chatbots

Context alignment, initially developed in advertising research, em
phasizes how the congruence, similarity, or fit between a message and 
its reception setting critically shapes user perceptions (Stipp, 2018). 
Three underlying key processes include attention transfer (i.e., the 
amount of attention required by the context defines the remaining 
attention for another task), priming (i.e., the context [e.g. fun vs. work] 
affects how another task is approached), and emotional congruence (i.e., 
a congruence between the mood of an individual and a task defines how 
the task is performed). In advertising research, context alignment is seen 
as to significantly influence how effectively a message is received, 
interpreted, and remembered (De Pelsmacker et al., 2002; Kwon et al., 
2019, 2021; Puccinelli et al., 2015).

Transferred to AI chatbots, context alignment suggests that it is 
crucial to treat the context in which humans interact with AI chatbots as 
an active element that shapes user expectations and behavior. Hence, 
the effectiveness of AI chatbot interactions hinges on their affordances 
dynamically matching users’ immediate contexts—including their 
emotional state, ongoing tasks, or conversation histories. Unlike tradi
tional media contexts, however, chatbots also actively create context 
through their own responses, influencing how users perceive and 
respond to subsequent interactions. For instance, an initial empathetic 
reply to a user frustration articulated to an AI chatbot at home can 
positively prime future chatbot responses, fostering engagement and 
trust. Conversely, irrelevant or inappropriate AI chatbot responses at 
work may create negative priming, undermining subsequent in
teractions. For the concept of affordances, this implies that context is 
essentially a meta-layer, and that affordances need to be treated as 
context-sensitive—including personalized responses and the quality of 
human-chatbot adaptation over time (e.g., Ramaul et al., 2024).

Finally, context alignment also includes a cultural dimension as 
users’ expectations for contextual alignment can vary across societies 
(Ge et al., 2024). For instance, users from interdependent cultures may 
expect chatbots to sensitively adapt to subtle emotional and relational 
cues, such as using emotionally supportive responses at home to ensure 
privacy and comfort. In contrast, users from independent cultures might 
prioritize affordances that enhance productivity at work, such as direct 
assistance for coding tasks. Additionally, context alignment at school 
may involve balancing students’ preferences for accessible, low-pressure 
interactions with their need for structured conversations to facilitate 
learning.

3. Differences in the use of AI chatbots: culture, age, gender, and 
context

Cultural differences are an important blind spot usually not 
addressed when assessing perceptions of and expectations toward AI, 

although culture likely shapes these conceptions. One early pilot study 
(Ge et al., 2024) recruited two online samples (pilot: n = 373; main: n =
378) comparing views and expectations toward AI between European 
Americans, African Americans, and a sample recruited from mainland 
China. The study looked broadly at artificial intelligence and found 
cultural differences in the levels of control over AI and connections with 
AI that individuals expected to have when interacting with AI. Findings 
unfolded along culturally different self-concepts, and therefore point at 
cultural differences in how people see AI and what they want from it. 
Such considerations are crucial for the development of AI especially 
given its learning capabilities over time. Adding to cultural differences 
in views on AI, Liu et al. (2023) found cultural differences between two 
Indian and American online samples (n = 200 per study) recruited 
through Amazon’s Mturk platform regarding algorithm aversion in a 
health and a financial context. The study therefore also hints at cultural 
differences in the perceptions of algorithms and artificial intelligence. 
The study acknowledges that Mturkers are probably more tech receptive 
and invite researchers to expand their approach using different 
recruitment methods, different AI scenarios, and different cultures. A 
recent theoretical overview piece (Barnes et al., 2024) on AI and culture 
discusses the role of cultural identities to understand how individuals 
perceive and use AI along the lines of cultural preferences for consensus 
vs. uniqueness, but also self-disclosure vs. privacy, or cultural prefer
ences for conforming to norms. The paper assumes cultural differences 
for perceptions and uses of AI. Additional evidence for cultural differ
ences was observed in actual chatbot conversations among users of the 
social chatbot SimSimi (Chin et al., 2023). In over 150,000 analyzed 
conversations, the study finds more emotional conversations about 
depression in Eastern (Indonesia, India, Malaysia, the Philippines, and 
Thailand) than in Western (Canada, the United Kingdom, and the United 
States) countries, whereas Western countries used the chatbot more to 
share vulnerable or sensitive topics around mental health or death. 
Without making references to the affordance concept, across cultures, 
users anticipated conversations with an AI chatbot on sensitive topics to 
offer active listening and the provision of a safe space.

Evidence for age and gender-specific differences in the use of AI 
chatbots is scarce. We found some evidence indicating that it is more 
important for women than men that an AI chatbot can fulfill their ex
pectations (Terblanche & Kidd, 2022), and that older people more 
strongly take into account how much effort would be involved in 
interacting with a chatbot (Kasilingam, 2020).

And finally, affordances are theorized to be relational and emerging 
within particular settings (Evans et al., 2017), meaning their signifi
cance should vary across contexts. For instance, visibility on social 
media may enhance professional networking at work but raise privacy 
concerns at home. Similarly, Ramaul et al. (2024) identified creational 
and conversational affordances like content creation and workflow 
synergy as central to professional use, while Fox and McEwan (2017)
note that perceived privacy affordances shift between personal and 
professional communication channels. Collectively, these studies un
derscore that the goals, tasks, and social dynamics of specific con
texts—whether at home, work, school, or in public—shape which 
affordances are prioritized and how they are perceived. We therefore 
expect the use of AI chatbots to be customized to specific contexts, likely 
with some cultural variance. Most of the identified early studies provide 
insights about the United States, evidence for other cultures, especially 
non-Western cultures remain largely absent. In an effort to add 
cross-cultural evidence to age-, gender- and context-specific differences 
in AI chatbot use, our second and third research question were. 

RQ2: Do AI chatbot affordances differ depending on the gender and 
age of its users?
RQ3: To what degree are AI chatbot affordances related to general AI 
chatbot use as well as specific use contexts (at home, at work, in 
public, while commuting, at school)?
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Although RQ3 is exploratory, prior research and theory allow for 
context-specific expectations regarding the relative importance of 
chatbot affordances. These expectations are not formal hypotheses but 
provide an evidence-based interpretive scaffold. At home, emotional 
support, personalization, and privacy are likely most rele
vant—especially in Western cultures where socially oriented AI use is 
more prominent (Chin et al., 2023; Fox & McEwan, 2017). At work, 
workflow support and instrumental affordances such as persistence and 
editability are expected to dominate, given the goal-driven nature of 
professional settings (Ramaul et al., 2024). In school contexts, conver
sation control may be key, as structured feedback and guided learning 
play a larger role (Laun & Wolff, 2025). Cultural perspectives offer 
further nuance: East Asian students may embrace chatbots more readily 
due to academic pressures, while Western students may take a more 
critical perspective (Cai, 2023), though empirical support for such 
claims remains limited (Laun & Wolff, 2025). In public, privacy and 
anonymity become important affordances (Fox & McEwan, 2017). 
While commuting, affordances like accessibility, responsiveness, and 
emotional bandwidth matter most, as chatbots must fit shifting situa
tions and support users unobtrusively (Chew, 2022). These expectations 
guide our interpretation and help ground exploratory comparisons in 
prior work.

To answer these research questions, we conducted five identical, 
large surveys among AI chatbot users in mainland China, Germany, 
Hong Kong, Japan, and the United States, in which we assessed both the 
general and specific affordances of using AI chatbots with specific use 
contexts. We describe the details about the study and the findings in the 
following paragraphs in the most transparent manner to encourage 
others to replicate our findings in other samples and across more 
cultures.

4. Method

4.1. Participants

We collected heterogeneous data from mainland China, Germany, 
Hong Kong, Japan, and the United States to capture cultural variation in 
AI chatbot perception, drawing on prior evidence of distinct user ex
pectations and anthropomorphism patterns across these regions (Ge 
et al., 2024; Scissors et al., 2011; Spatola et al., 2022). While Ge et al. 
(2024) and Spatola et al. (2022) directly support the inclusion of China, 
Japan, Germany, and the U.S., Hong Kong was added due to its distinct 
socio-political context and growing relevance as a non-Western AI 
innovation hub—one that has remained underrepresented in prior 
research (Rudolph et al., 2023).

A total sample of N = 5,107 AI chatbot users was recruited and 
interviewed online in July and August 2024 using Dynata and Pure
Spectrum. The target sample size was N = 1,000 AI chatbot users per 
region to ensure sufficient statistical power for detecting even small 
associations within subgroups. After excluding 11 individuals who self- 
reported not using AI chatbots, the final sample included n = 5,096 AI 
chatbot users from mainland China (n = 1,016), Germany (n = 994), 
Hong Kong (n = 1,020), Japan (n = 1,071), and the United States (n =
995). Samples were recruited from preregistered user pools managed by 
the two survey companies. Panel members explicitly agreed to partici
pate in online surveys under specific reimbursement conditions. To 
enhance comparability across regions and reduce potential confounds 
related to AI chatbot familiarity, sampling quotas were applied during 
recruitment, ensuring balanced samples across regions by age (adults 
aged 18 to 29, 30 to 39, 40 to 49, and 50 and older) and gender. In
dividuals had to be over 18 years old and familiar with AI chatbots to 
receive a survey invitation. The invitation described the study as a 
survey on “attitudes and behaviors when using AI chatbots,” estimating 
a completion time of about 15 min. Survey pool members who met the 
inclusion criteria and agreed to participate received monetary 
compensation for their participation.

The final samples, though heterogeneous, were non-representative 
for the different regions, with an average age of 42 years (M = 41.2, 
SD = 14.0; Mdn = 41.16). Of the participants, 2,487 identified as women 
(48.8 %), and 2,971 self-reported having a college degree (58.3 %). We 
provide a regional breakdown of these numbers in Appendix A
[weblink]. Due to significant differences regarding these sample de
mographics, all models were controlled for age, gender, and education.

4.2. Procedure

The survey began with informed consent, followed by questions 
assessing individuals’ familiarity with and usage of different AI chatbots 
across different scenarios. Based on the AI chatbot that participants self- 
reported using most frequently, subsequent questions specifically 
addressed both general and specific affordances of AI chatbots. The 
survey concluded with personal information, including demographic 
details about the participants. Based on an English version of the ques
tionnaire developed by all authors, Chinese, Japanese, and German 
versions were created using back-translation techniques. Each language 
version was developed by at least one native speaker, while all authors 
were fluent in English. Discrepancies in translation nuances were dis
cussed among the authors until consensus was reached, ensuring 
comparability and validity across translations. The study received 
approval from the Institutional Review Boards (IRBs) affiliated with the 
institutions where the first and second author of the study are based 
(Approval Numbers: IRB-UA-2024-0320 and PN-202400018).

4.3. Measures

4.3.1. Demographics
Participants self-reported their age (in years), as well as their bio

logical sex at birth as either male or female. College education levels (vs. 
no college) were also self-reported and included bachelor’s degrees (e.g., 
BA, BS), master’s degrees (e.g., MA, MEd, MBA), or professional degrees 
(e.g., MD, JD) and doctorates (e.g., PhD, EdD).

4.3.2. AI chatbot use
In this study, we used the self-reported use frequency of the most 

frequently used AI chatbot (also based on self-report) from a list of AI 
chatbots that are available in the region of the survey. Specifically, we 
combined a list of global AI chatbots (alphabetically: Alexa (Amazon), 
Siri (Apple), Google Gemini, Meta AI, Microsoft Copilot, ChatGPT) with 
a custom list of region-specific AI chatbots (alphabetically: character.AI, 
ChatSonic, Claude, Doubao [豆包], Ernie Bot [文心一言], Enterprise 
GPT, Jasper Chat, Poe, Replika, Xiao AI [小爱同学], YouChat). An open- 
ended “other” option was selected by less than one percent of the par
ticipants and was not further explored. For each AI chatbot, participants 
indicated their use frequency on a 7-point scale ranging from 1 = never, 
2 = about once a year, 3 = several times a year, 4 = about once a month, 5 
= several times a month, 6 = once or twice a week, to 7 = almost every day. 
A separate question captured, which of the previously assessed AI 
chatbots they use most frequently. Region-specific breakdowns for 
means and standard deviations are presented in Table 1.

4.3.3. AI chatbot use in different contexts
To differentiate the context, in which AI chatbots are typically used, 

participants indicated whether their AI chatbot use occurred typically 1 
= at home, 2 = at my workplace/office, 3 = in public spaces (e.g., coffee 
shops, restaurants, shopping malls), 4 = while commuting (e.g., while trav
eling, on public transportation), and 5 = in educational institutions (e.g., 
high school, university). An open-ended “other” option was selected by 
less than one percent of the participants and was not further explored. 
Frequencies and region breakdowns are presented in Table 1. We also 
used this information for examining how affordances align with specific 
use contexts.
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4.3.4. AI chatbot affordances
A total list of 32 items was drafted to capture different affordances of 

using AI chatbots across different regions. The pool of items consisted of 
two different sets of items that were either adapted from the general- 
focus Perceived Social Affordances of Communication Channels Scale 
(Fox & McEwan, 2017) or self-created to reflect a range of specific 
affordances for AI chatbots. Specifically, we selected two of the highest 
loading items for each of the factors reflecting general affordances 
identified by Fox and McEwan (accessibility, bandwidth, social pres
ence, privacy, persistence, editability, conversational control, and ano
nymity). Additionally, we included specific AI chatbot affordances such 
as information extraction, content creation, language translation, 
educational support, idea generation, emotional support, personal 
assistance, as well as coding and technical support, each of which was 
also captured by two items. A full list of items, as presented in the sur
vey, can be found in Appendix B [weblink].

For all items, agreement with the statements was assessed on a 
Likert-type scale, ranging from 1 = strongly disagree to 7 = strongly agree, 
and respondents were instructed to refer to the AI chatbot they use most 
frequently (based on self-report). Importantly, for the specific AI chatbot 
affordances, an additional answer option, “I don’t use it for this pur
pose,” was provided to enhance response quality. For these reasons, we 
factor analyzed both sets of items separately, but used all extracted 
factors together for the analysis of their predictive validity. The final 
shortened lists of a) general and b) specific AI chatbot affordances used 
in this paper and their descriptive statistics are shown in Tables 2a and 
2b

5. Results

5.1. Descriptive statistics of AI chatbot use

All individuals self-reported prior use of AI chatbot applications as a 
prerequisite for participation. Consequently, users reported relatively 
frequently AI chatbot use (M = 5.63, SD = 1.47), referring to their most 
frequently used AI chatbot. The sample thus represents a relatively 
experienced group of AI chatbot users (see Table 1). Users in mainland 
China (M = 6.31, SD = .79) and Hong Kong (M = 5.92, SD = 1.20) re
ported significantly higher use frequencies than users in the United 
States (M = 5.50, SD = 1.58), who in turn reported higher frequencies 
than users in Germany (M = 5.27, SD = 1.59) and Japan (M = 5.14, SD 
= 1.65), F(4, 5025) = 120.84, p < .001, part. η2 = .088. Across regions, 
the top five most frequently used AI chatbots were OpenAI’s ChatGPT 
(32.2 %), Apple’s Siri (18.2 %), Amazon’s Alexa (11.5 %), Google’s 
Gemini (8.4 %), and Microsoft’s Copilot (7.0 %). However, usage pat
terns varied by region. In mainland China, Xiao AI [小爱同学] (35 %) 

Table 1 
Sample characteristics across regions.

Region AI chatbot 
usea

Top 5 Most frequently 
used AI chatbotsb

Contexts of AI chatbot 
usec

China 
(mainland)

M = 6.31a 

SD = .79
#1 Xiao AI小爱同学: 
353 (35 %) 
#2 Ernie Bot文心一言: 
226 (22 %) 
#3 ChatGPT: 118 (11.6 
%) 
#4 Apple Siri: 98 (9.6 
%) 
#5 Doubao豆包: 89 (8.8 
%) 
#6 Gemini: 66 (6.5 %) 
#7 Copilot: 56 (5.5 %)

At home: 88.7 % (n =
901) 
At work: 77.8 % (n =
790) 
In public: 50.5 % (n =
513) 
While commuting: 
42.8 % (n = 435) 
At school: 8.0 % (n =
81)

Germany M = 5.27b 

SD = 1.59
#1 ChatGPT: 475 (47.8 
%)

At home: 87.4 % (n =
869)

#2 Alexa (Amazon): 221 
(22.2 %)

At work: 43.0 % (n =
427)

#3 Siri (Apple): 125 
(12.6 %)

In public: 17.6 % (n =
175)

#4 Gemini (Google): 85 
(8.6 %)

While commuting: 
16.4 % (n = 163)

#5 Copilot (Microsoft): 
51 (5.1 %)

At school: 12.8 % (n =
127)

Hong Kong M = 5.92c 

SD = 1.20
#1 ChatGPT: 268 (26.3 
%) 
#2 Siri (Apple): 222 
(21.8 %) 
#3 Gemini (Google): 
105 (10.3 %) 
#4 Enterprise GPT: 81 
(7.9 %) 
#5 Meta AI: 78 (7.6 %) 
#6 Poe: 74 (7.3 %) 
#7 Copilot (Microsoft): 
74 (7.3 %) 
#8 Alexa (Amazon): 71 
(7.0 %) 
#9 Replika: 45 (4.4 %)

At home: 69.6 % (n =
710) 
At work: 74.1 % (n =
756) 
In public: 51.3 % (n =
523) 
While commuting: 
39.6 % (n = 404) 
At school: 13.0 % (n =
133)

Japan M = 5.14b 

SD = 1.65
#1ChatGPT: 450 (42 %) At home: 88.0 % (n =

943)
#2 Siri (Apple): 250 
(23.3 %)

At work: 50.5 % (n =
541)

#3 Alexa (Amazon): 119 
(11.1 %)

In public: 14.3 % (n =
153)

#4 Gemini (Google): 
107 (10 %)

While commuting: 
13.4 % (n = 143)

#5 Copilot (Microsoft): 
103 (9.6 %)

At school: 6.2 % (n =
66)

United States M = 5.50d 

SD = 1.58
#1 ChatGPT: 330 (33.2 
%) 
#2 Siri (Apple): 230 
(23.1 %) 
#3 Alexa (Amazon): 176 
(17.7 %) 
#4 Copilot (Microsoft): 
75 (7.5 %) 
#5 Meta AI: 68 (6.8 %) 
#6 Gemini (Google): 67 
(6.7 %)

At home: 89.1 % (n =
887) 
At work: 38.7 % (n =
385) 
In public: 19.7 % (n =
196) 
While commuting: 
23.8 % (n = 237) 
At school: 11.4 % (n =
113)

Total M = 5.63 
SD = 1.47

#1 ChatGPT: 1641 
(32.2 %) 
#2 Siri (Apple): 925 
(18.2 %) 
#3 Alexa (Amazon): 587 
(11.5 %) 
#4 Gemini (Google): 
430 (8.4 %) 
#5 Copilot (Microsoft): 
359 (7 %) 
#6 Xiao AI小爱同学: 
353 (6.9 %) 
#7 Meta AI: 170 (3.3 %) 

At home: 84.6 % (n =
4,310) 
At work: 56.9 % (n =
2,899) 
In public: 30.6 % (n =
1,560) 
While commuting: 
27.1 % (n = 1,382) 
At school: 10.2 % (n =
520)

Table 1 (continued )

Region AI chatbot 
usea

Top 5 Most frequently 
used AI chatbotsb

Contexts of AI chatbot 
usec

#8 Doubao豆包: 89 (1.7 
%) 
#9 Enterprise GPT: 81 
(1.6 %)

Note. Data presented includes only valid cases after a data quality check.
a AI chatbot use captured as self-reported frequency of most frequently used AI 

chatbot available in the region (separately assessed). AI chatbot use frequency 
captured on a 7-point scale from 1 = never to 7 = almost every day. The five 
regions differed in their AI chatbot use (F4, 5025 = 120.84, p < .001, part. η2 =

.088). Different superscript letters indicate significant differences between 
regions.

b AI chatbots mentioned as most frequently used in less than 2 % of the cases 
of a region not displayed.

c Multiple answers were allowed for context. Across regions, only .7 % (n =
23) indicated to use AI chatbots in other contexts than the specifically mentioned 
ones. They were not further explored.
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and Ernie Bot [文心一言] (22 %) were the most commonly used AI 
chatbots, whereas ChatGPT dominated in Germany (47.8 %), Hong 
Kong (26.3 %), Japan (42 %), and the United States (33.2 %).

These AI chatbots were predominantly used at home (84.6 %) and at 
work (56.9 %). However, notable regional differences emerged. In 
mainland China (88.7 %) and Japan (88.0 %), home use was most 
prevalent, while workplace use was particularly high in Hong Kong 
(74.1 %). AI chatbot use in public spaces was reported by 30.6 % of users 
overall, with mainland China (50.5 %) and Hong Kong (51.3 %) showing 
the highest levels. Commuting-related use was also relatively frequent 
(27.1 %), particularly in mainland China (42.8 %) and Hong Kong (39.6 
%). School-related usage was less common (10.2 %), with the highest 
rates reported in Germany (12.8 %) and Hong Kong (13.0 %).

5.2. Affordances of AI chatbots (RQ1)

Initially, we assessed the Kaiser–Meyer–Olkin (KMO) criterion, 
which demonstrated satisfactory sampling adequacy (KMO = .979), and 
Bartlett’s test of sphericity was significant (p < .001). The full list of all 
32 items used in this study is available in the supplement files in 
Appendix B [weblink]. To examine the underlying factor structures, we 
conducted principal axis factoring using listwise deletion for any missing 
values. We assessed both oblique (promax) and orthogonal (varimax) 

factor rotation methods (see Howard, 2016), which yielded largely the 
same factor structure, providing additional evidence for the robustness 
of the identified factor solution presented here. To enhance the inter
pretability of our findings and reduce multicollinearity in our 
regression-based data analysis, we present results based on varimax 
rotation. Importantly, due to the different answer format, we assessed 
the 16 general and 16 specific AI chatbot affordances separately. Based 
on Kaiser’s criterion, a 7-factor solution emerged for the general AI 
chatbot affordances, and a 4-factor solution for the specific affordances, 
as indicated by eigenvalues exceeding 1. It is worth noting, however, 
that while Kaiser’s criterion often leads to overestimating the factor 
count with fewer than 30 variables, it is generally more accurate with 
larger sample sizes (i.e., N > 200; see Field, 2013). Consequently, Kai
ser’s criterion provided only limited guidance on the precise number of 
factors to retain for each set of affordances. Hence, we ran a parallel 
analysis using maximum likelihood estimation to determine the optimal 
number of factors (Zwick & Velicer, 1986). In this method, the observed 
data were compared against randomly generated data with the same 
number of observations and variables. The determination of the final 
factor solution is then based on both the χ2 distribution relative to 
alternative factor models (elbow criterion) and other model fit in
dicators (see Chen et al., 2008; Hu & Bentler, 1999). The results 
endorsed a 7-factor solution for general affordances (χ2 = 609.048, df =
29, p < .001, RMSEA = .063, 95 % CI [.058, .067], TLI = .946), and a 
5-factor solution for specific affordances (χ2 = 208.600, df = 39, p <
.001, RMSEA = .035, 95 % CI [.031, .040], TLI = .986).

The final models accounted for substantial portions of variance, with 

Table 2a 
General AI chatbot affordances based on principal axis factoring including factor 
loadings, means (M), standard deviations (SD), medians (Mdn), and scale 
consistencies.

Factor 
loading

M (SD)

Chatbot Private Social Presence — M = 4.87, SD = 1.24, Mdn = 5.00, α = .859, ω = .859
The AI chatbot makes it feel like the person I’m 

communicating with is close by. (So2)
.639 4.85 (1.56)

The AI chatbot makes it seem like it is present. 
(So1)

.619 4.89 (1.48)

The AI chatbot helps keep my communication 
private. (Pr1)

.597 4.86 (1.43)

My communication with the AI chatbot is private. 
(Pr2)

.581 4.89 (1.46)

Chatbot Accessibility — M = 5.64, SD = 1.11, Mdn = 6.00, α = .780, ω = .781
The AI chatbot is convenient. (Ac1) .814 5.58 (1.27)
It is easy for me to access the AI chatbot. (Ac2) .657 5.69 (1.19)

Chatbot Persistence — M = 5.04, SD = 1.28, Mdn = 5.00, α = .806, ω = .806
I can retrieve past messages with the AI chatbot. 

(Pe2)
.738 5.08 (1.39)

The AI chatbot keeps a record of communication 
that I can go back and look at. (Pe1)

.670 5.01 (1.39)

Chatbot Anonymity — M = 4.87, SD = 1.28, Mdn = 5.00, α = .750, ω = .751
I am anonymous to the AI chatbot that I am 

communicating with. (An1)
.658 4.76 (1.47)

The AI chatbot allows me to remain anonymous or 
unidentifiable if I want to. (An2)

.636 4.98 (1.40)

Chatbot Bandwidth — M = 4.69, SD = 1.51, Mdn = 5.00, α = .883, ω = .883
The AI chatbot allows me to express emotions. 

(Ba2)
.706 4.73 (1.61)

The AI chatbot allows me to convey emotions. 
(Ba1)

.705 4.65 (1.59)

Chatbot Editability — M = 5.09, SD = 1.20, Mdn = 5.00, α = .756, ω = .756
The AI chatbot allows me to create a message and 

delete it before I communicate it. (Ed1)
.713 4.99 (1.36)

The AI chatbot allows me to edit the message that I 
want to communicate before I actually communicate 
it. (Ed2)

.528 5.19 (1.32)

Chatbot Conversation Control — M = 5.25, SD = 1.28, Mdn = 5.00
I can regulate the flow of communication with the 

AI chatbot. (Co2)
.644 5.25 (1.28)

Note. n = 5,096; shortened list of all items depicted; see Appendix B [weblink] 
for the full list of items. Original survey item numbers are in brackets. Questions 
referred to the most frequently used AI chatbot. The scale ranged from 1 =
strongly disagree to 7 = strongly agree.
Only items with factor loadings higher than .40 and without double loadings 
differing more than .20 from the primary loading were retained.

Table 2b 
Specific AI chatbot affordances based on principal axis factoring including factor 
loadings, means (M), standard deviations (SD), medians (Mdn), and scale 
consistencies.

Factor 
loading

M (SD)

Writing Assistance — M = 5.54, SD = 1.06, Mdn = 5.80, n = 4,260, α = .865, ω = .866
The AI chatbot helps me to summarize complex 

information into shorter sections. (IE1)
.659 5.62 

(1.32)
The AI chatbot offers explanations and examples to 

help me learn better. (ES1)
.605 5.50 

(1.28)
The AI chatbot supports me in finding inspiration for 

my writing. (CC1)
.585 5.38 

(1.44)
The AI chatbot helps me to extract the main points of 

an extensive document. (IE2)
.547 5.63 

(1.29)
The AI chatbot improves my comprehension and 

learning in various areas. (ES2)
.481 5.56 

(1.25)
Emotional Assistance — M = 5.14, SD = 1.37, Mdn = 5.50, n = 4,713, α = .771, ω =

.772
Using the AI chatbot to express my personal 

thoughts provides emotional relief and comfort. (EA1)
.641 5.03 

(1.57)
The AI chatbot offers a non-judgmental space for an 

exchange of personal thoughts and feelings. (EA2)
.606 5.24 

(1.46)
Coding Assistance — M = 5.28, SD = 1.33, Mdn = 5.50, n = 4,094, α = .780, ω = .780

The AI chatbot helps me to improve my coding skills. 
(CT2)

.632 5.30 
(1.47)

The AI chatbot assists me in writing or 
troubleshooting my programming code. (CT1)

.613 5.26 
(1.46)

Personal Assistance — M = 5.56, SD = 1.33, Mdn = 6.00, n = 4,767
The AI chatbot’s productivity tools (e.g., timers, 

reminders) are helpful in my daily life. (PA2)
.413 5.56 

(1.33)
Translation Assistance — M = 5.49, SD = 1.37, Mdn = 6.00, n = 4,674

The AI chatbot helps me to overcome language 
barriers. (LT2)

.479 5.49 
(1.37}

Note. Shortened list of all items depicted; see Appendix B [weblink] for the full 
list of items. Original survey item numbers are in brackets. Questions referred to 
the most frequently used AI chatbot. The scale ranged from 1 = strongly disagree 
to 7 = strongly agree. An additional option, “I don’t use it for this purpose,” was 
available, yielding different valid responses (see valid n per item in table).
Only items with factor loadings higher than .40 and without double loadings 
differing more than .20 from the primary loading were retained.
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the 7-factor model explaining 65.6 % of the variance of general AI 
chatbot affordances and the 5-factor model explaining 59.1 % of the 
variance in specific affordances. Descriptive statistics, factor loadings, 
and psychometric properties for all items and factors are provided in 
Tables 2a and 2b. The retained items exhibited factor loadings between 
.41 and .81, and the reliabilities of the multi-item factors were satis
factory (Cronbach’s α and McDonald’s ω > .7).

5.2.1. General AI chatbot affordances
In examining general affordances, we identified several distinct AI 

chatbot features that facilitate user interactions. The first affordance, 
labeled chatbot private social presence, encompasses the chatbot’s ca
pacity to create the illusion of a personal, private conversational partner. 
Notably, social presence and privacy coalesced into a single factor, 
underscoring the importance users place on private exchanges with AI. 
The second affordance, chatbot accessibility, reflects the ease with which 
users can access AI chatbots across platforms, including apps and 
operating system integrations. The third affordance, chatbot persistence, 
captures the chatbot’s capability to store and retrieve past conversa
tions, enhancing functionality for tasks that benefit from repeated access 
or automation, such as context-specific prompt customization. Chatbot 
anonymity emerged as a fourth affordance, highlighting the users’ ability 
to remain anonymous or unidentifiable, as chatbots do not require 
personal identifiers like profile images or real names. This characteristic 
allows users to maintain their privacy if desired. The fifth affordance, 
chatbot bandwidth, includes the expressive range available within chat
bot interactions, enabling users to share a broad spectrum of emotions. 
Given social media etiquette—rules, norms, and platform expect
ations—AI chatbots can serve as safe spaces for users to explore and 
express feelings more freely. A sixth affordance, chatbot editability, al
lows users to edit their messages without visible markers of correction, 
contrasting with platforms like X (formerly Twitter) or WhatsApp. This 
feature supports users in refining their thoughts incrementally, reducing 
the pressure of composing flawless messages on the first attempt. Lastly, 
chatbot conversation control grants users authority over the conversation 
topic and its progression, empowering them to steer interactions ac
cording to their preferences.

5.2.2. Specific AI chatbot affordances
Specific AI chatbot affordances highlight the technology’s assistive 

capabilities. The first affordance, writing assistance, captures the chat
bot’s ability to help overcome writer’s block, inspire creative ideas, 
summarize extensive information, and extract key points. Additionally, 
the chatbot enhances comprehension and learning across various do
mains by providing explanations and examples that support users in 
better understanding content. This feature underscores the chatbot’s 
role in facilitating both writing and broader learning processes. The 
second affordance, emotional assistance, reflects the chatbot’s potential 
to provide comfort, emotional relief, and a non-judgmental space for 
sharing personal thoughts and feelings. This capability makes AI chat
bots valuable as supportive conversational partners. From a technical 
perspective, coding assistance constitutes the third affordance, repre
senting the chatbot’s utility in developing coding skills and trouble
shooting programming issues. By assisting with both writing and 
debugging code, the chatbot serves users engaged in software develop
ment. Personal assistance, the fourth affordance, pertains specifically to 
the chatbot’s ability to enhance productivity through tools such as 
timers and reminders, offering valuable support for organizing daily 
activities. Lastly, translation assistance denotes the chatbot’s capability to 
overcome language barriers through translation services. Collectively, 
these affordances address our first research question (RQ1).

Table 3 presents the zero-order correlations among the seven general 
and five specific AI chatbot affordances, the frequency of chatbot use, 
and five different use contexts.

In examining user preferences for general AI chatbot affordances, 
paired-sample t-tests revealed significant differences between all seven 
general AI chatbot affordances at p < .001, with one exception: private 
social presence and anonymity, which users valued equally (p = .963). 
Reviewing the mean values for each affordance in Table 2a, chatbot 
accessibility emerged as the most important feature for users (M = 5.64, 
SD = 1.01, Mdn = 6.00). This was followed by chatbot conversation 
control (M = 5.25, SD = 1.28, Mdn = 5.00), chatbot editability (M = 5.09, 
SD = 1.20, Mdn = 5.00), chatbot persistence (M = 5.04, SD = 1.28, Mdn =
5.00), chatbot anonymity (M = 4.87, SD = 1.28, Mdn = 5.00), chatbot 
private social presence (M = 4.87, SD = 1.24, Mdn = 5.00), and, finally, 
chatbot bandwidth (M = 4.69, SD = 1.51, Mdn = 5.00).

Table 3 
Zero-order Correlations Between General AI Chatbot Affordances, AI Chatbot use, and Age.
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Among specific affordances, personal assistance (M = 5.56, SD = 1.33, 
Mdn = 6.00) was rated as the most relevant, followed closely by writing 
assistance (M = 5.54, SD = 1.06, Mdn = 5.80). Translation assistance 
ranked third (M = 5.49, SD = 1.37, Mdn = 6.00), while coding assistance 
(M = 5.28, SD = 1.33, Mdn = 5.50) and emotional assistance (M = 5.14, 
SD = 1.37, Mdn = 5.50) were rated lower in comparison.

5.3. Gender and age differences of AI chatbot use (RQ2)

The zero-order correlations (see Table 3) indicate that as age in
creases, the relevance of AI chatbot affordances tends to decrease 
slightly, with the exception of chatbot editability and the use of AI 
chatbots at home, which remain important across age groups. Further
more, multivariate analyses revealed significant gender differences 
across the seven general and five specific AI chatbot affordances, Wilks’s 

Fig. 1. Regional Breakdown of Gender Differences in General AI Chatbot Affordances 
Note. Error bars represent the 95 % confidence intervals of the observed means. Non-overlapping error bars are reflective of significant differences between regions 
and genders.
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Δ = .988, F(12, 3440) = 3.433, p < .001. Notably, all affordances with 
significant gender differences were rated as more relevant by men than 
by women. Specifically, men reported a higher relevance of chatbot 
private social presence [t(5094) = 2.01, p = .045, Cohen’s d = .056], 
emotional assistance [t(5094) = 2.45, p = .014, Cohen’s d = .083], and 
coding assistance [t(5094) = 4.32, p < .001, Cohen’s d = .147] 
compared to women.

Of note, regional differences were also significant, Wilks’s Δ = .722, 
F(48, 13742) = 24.336, p < .001. A regional breakdown is provided in 
Fig. 1.

The analysis revealed significant cultural and gender-based dispar
ities in perceptions of chatbot affordances. Participants from mainland 
China consistently rated chatbot affordances higher than users in other 
regions, particularly for emotional assistance, writing assistance and 
bandwidth. Users from Hong Kong also expressed elevated ratings for 
these affordances, albeit to a slightly lesser extent. In contrast, enthu
siasm for AI chatbots in Germany and Japan seemed lower overall. 
German users rated bandwidth as the least valued feature, and users in 
Japan rated conversation control and editability particularly low. The U.S. 
fell in the mid-range on most affordances. A pronounced East-West 
divide emerged for translation functionality, with mainland China and 
Hong Kong prioritizing it, while Western regions and Japan showed 
minimal interest. Gender differences further nuanced adoption patterns: 
in Germany, the U.S., and Hong Kong, men rated coding assistance and 
emotional assistance more favorably, whereas women in mainland China 
ranked both affordances higher. Personal assistance received similarly 
high approval in both the U.S. and mainland China, with no significant 
gender differences. Regional priorities diverged sharply, for instance, 
users in Germany placed particular emphasis on conversation control and 
editability, whereas users in mainland China prioritized emotional assis
tance and private social presence. These findings highlight the strong in
fluence of cultural identity and gender norms on perceived AI chatbot 
affordances, challenging the notion of universal user behavior.

5.4. Assessing the predictive value of the AI chatbot affordances (RQ3)

5.4.1. Anticipating general AI chatbot use
The zero-order correlations in Table 3 indicated that all seven gen

eral and five specific AI chatbot affordances exhibit positive, small-to 
medium-sized correlations with AI chatbot use (.10 ≤ r ≤ .31). 
Follow-up correlation equivalence tests (Weber & Popova, 2012) were 
conducted under the assumption of small-to medium-sized effects of AI 
chatbot affordances on AI chatbot use. We found no conclusive evidence 
supporting the hypothesis that general or specific AI chatbot affordances 
are entirely uncorrelated with AI chatbot use when assuming only small 
effects (i.e., |r | ≤ .10). However, when assuming medium-sized effects 
(i.e., |r | ≤ .25; see Weber & Popova, 2012), several general chatbot 
affordances—persistence, anonymity, bandwidth, editability and conversa
tion control—appear largely unrelated to AI chatbot use. Similarly, the 
specific chatbot affordances of coding assistance, personal assistance, and 
translation assistance also do not show meaningful associations with AI 
chatbot use at this threshold. Given our large sample size (i.e., n > 500), 
our study provides sufficient statistical power to detect equivalence (or 
the lack thereof). These findings suggest that not all affordances 
contribute equally to AI chatbot adoption and use. Instead, only a subset 
of affordances may actually drive user engagement.

To further investigate the relationship between AI chatbot affor
dances and chatbot use, we conducted a hierarchical ordinary least 
squares regression, including gender, age, and education as covariates 
based on previous analyses indicating their influence. The regression 
analysis revealed that age, gender, and education, along with the seven 
general and five specific AI chatbot affordances, significantly predicted 
AI chatbot use, R2 = .017, adjusted R2 = .013, F(15, 3437) = 3.946, p <
.001. Focusing on significant predictors, two general chatbot affordan
ces were positively associated with AI chatbot use: chatbot bandwidth (β 
= .075, b = .482, SE = .125, p < .001) and chatbot accessibility (β = .054, 

b = .321, SE = .117, p = .006). Among specific chatbot affordances 
emotional assistance (β = .049, b = .322, SE = .142, p = .023) showed a 
significant positive relationship with chatbot use. Conversely, personal 
assistance was negatively associated with chatbot use (β = −.046, b =
−.372, SE = .154, p = .016), suggesting that individuals who valued 
personal assistance were less likely to report frequent chatbot use.

5.4.2. Anticipating context-specific use of AI chatbots
Overall, AI chatbot affordances exhibited small-to medium-sized, 

positive correlations with using AI chatbots in specific contexts (see 
Table 3), with some notable exceptions. For instance, AI chatbot use at 
home was not correlated with the general affordances of private social 
presence, persistence, anonymity, and bandwidth nor with the specific 
affordances emotional assistance, coding assistance, or translation assis
tance. To further investigate the relationships between general and 
specific AI chatbot affordances and their use across different contexts, 
and to account for the hierarchical structure of the data with partici
pants’ answers being nested within five regions, we conducted multi
level logistic regressions with random intercepts. Each model was 
controlled for age, gender, and education (see Table 4). Although the 
intraclass correlation coefficients (ICCs) were relatively low (ranging 
from .046 to .096), they were sufficient to justify modeling regional- 
level variance, particularly given the large sample size.

AI chatbot affordances influenced use differently across contexts, 
with distinct predictors shaping adoption. At home, accessibility (B =
.514, SE = .06, p < .001, OR = 1.67), conversation control (B = .170, SE =
.08, p = .024, OR = 1.19), and editability (B = .153, SE = .07, p = .038, 
OR = 1.17) significantly predicted chatbot use, while no specific 
affordance was negatively associated. At work, coding assistance (B =
.302, SE = .06, p < .001, OR = 1.35), persistence (B = .223, SE = .06, p <
.001, OR = 1.25), bandwidth (B = .220, SE = .06, p < .001, OR = 1.25), 
and editability (B = .215, SE = .06, p < .001, OR = 1.24) positively 
predicted chatbot use. In public settings, private social presence (B = .398, 
SE = .07, p < .001, OR = 1.49), bandwidth (B = .304, SE = .07, p < .001, 
OR = 1.36), and emotional assistance (B = .169, SE = .08, p = .025, OR =
1.18) increased use, while no affordance showed a negative effect. While 
commuting, private social presence (B = .388, SE = .07, p < .001, OR =
1.47), bandwidth (B = .226, SE = .07, p < .001, OR = 1.25), and edit
ability (B = .213, SE = .07, p = .001, OR = 1.24) were the strongest 
significant predictors. Interestingly, writing assistance emerged as a 
negative predictor (B = −.155, SE = .08, p = .037, OR = .86), indicating 
lower likelihood of chatbot use during commuting when users value this 
affordance. At school, accessibility (B = .500, SE = .10, p < .001, OR =
1.65), conversation control (B = .366, SE = .10, p < .001, OR = 1.44), as 
well as bandwidth (B = .259, SE = .09, p = .005, OR = 1.30) and coding 
assistance (B = .253, SE = .10, p = .012, OR = 1.29) predicted chatbot 
use, while translation assistance was negatively associated with use (B =
−.240, SE = .11, p = .028, OR = .79).

Model fit indices indicate that the different affordances explained 
most of the observed variance for chatbot use at work (R2 = .161), fol
lowed by school (R2 = .121), public use (R2 = .097), commuting (R2 =

.077), and home (R2 = .070). Likelihood ratio tests (LRT) confirmed 
significant model improvements over intercept-only models across all 
contexts. Δχ2 values further confirmed that adding specific affordances 
to models with only general affordances significantly improved model 
fit across contexts. Notably, the largest improvement was observed for 
chatbot use at work (Δχ2(5) = 1860.85, p < .001), suggesting that 
specific affordances—such as coding assistance—play a particularly 
important role in determining AI chatbot adoption in professional, task- 
specific settings. Of note, AI chatbot use at home and in school, despite 
better relative model fit (i.e., lower AIC/BIC), shows lower explained 
variance, indicating that additional unmeasured factors—such as social 
or habitual influences—shape usage in these contexts. The stronger 
predictive power in work and public settings reflects the instrumental 
nature of chatbot use, whereas adoption at home or school appears less 
affordance-driven and more influenced by broader, contextual factors.
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Table 4 
Multilevel logistic models predicting AI chatbot use across different contexts.

Chatbot Use at Home Chatbot Use at Work Chatbot Use in Public Chatbot Use While Commuting Chatbot Use at School

B SE p OR B SE p OR B SE p OR B SE p OR B SE p OR

Constant 1.852 .22 <.001 6.37 .440 .18 .016 1.55 −1.01 .27 <.001 .36 −1.13 .20 <.001 .32 −2.47 .21 <.001 .08
Covariates

Age .000 .00 .983 1.00 −.017 .00 <.001 .98 −.013 .00 <.001 .99 −.013 .00 <.001 .99 −.033 .01 <.001 .97
Gender .091 .10 .353 1.10 −.018 .08 .817 .98 .170 .08 .038 1.19 −.001 .08 .989 1.00 −.020 .12 .869 .98
Education .032 .10 .750 1.03 .872 .08 <.001 2.39 −.085 .09 .317 .92 .217 .09 .012 1.24 .331 .13 .011 1.39

General Chatbot Affordances
Private Social Presence .163 .08 .036 1.18 .097 .06 .115 1.10 .398 .07 <.001 1.49 .388 .07 <.001 1.47 .109 .10 .251 1.12
Accessibility .514 .06 <.001 1.67 .153 .05 .004 1.17 −.012 .06 .844 .99 .163 .06 .007 1.18 .500 .10 <.001 1.65
Persistence .045 .07 .534 1.05 .223 .06 <.001 1.25 .101 .07 .117 1.11 .157 .07 .015 1.17 .207 .09 .023 1.23
Anonymity .051 .08 .522 1.05 .123 .06 .040 1.13 .204 .07 .003 1.23 .032 .07 .634 1.03 −.021 .09 .813 .98
Bandwidth .099 .08 .194 1.10 .220 .06 <.001 1.25 .304 .07 <.001 1.36 .226 .07 <.001 1.25 .259 .09 .005 1.30
Editability .153 .07 .038 1.17 .215 .06 <.001 1.24 .037 .07 .571 1.04 .213 .07 .001 1.24 .130 .09 .150 1.14
Conversation Control .170 .08 .024 1.19 .018 .06 .767 1.02 .071 .07 .304 1.07 .181 .07 .010 1.20 .366 .10 <.001 1.44

Specific Chatbot Affordances
Writing Ass. .066 .08 .412 1.07 .064 .06 .318 1.07 .018 .08 .814 1.02 ¡.155 .08 .037 .86 .137 .11 .209 1.15
Emotional Ass. −.040 .08 .626 .96 −.022 .07 .741 .98 .169 .08 .025 1.18 .097 .08 .195 1.10 .070 .11 .503 1.07
Coding Ass. −.130 .08 .092 .88 .302 .06 <.001 1.35 .133 .07 .055 1.14 .041 .07 .556 1.04 .253 .10 .012 1.29
Personal Ass. .023 .08 .788 1.02 .051 .07 .464 1.05 .097 .08 .216 1.10 −.008 .08 .919 .99 −.011 .12 .928 .99
Translation Ass. −.005 .09 .950 1.00 .111 .07 .103 1.12 .039 .08 .624 1.04 .053 .08 .507 1.05 ¡.240 .11 .028 .79

Relative Model Fit
ICC .067 .046 .096 .056 .056
LRT χ2 (15) 141.909 427.180 233.72 183.50 205.95
Δ χ2 (5) 1151.172 1860.850 1676.530 1729.480 1049.420
AIC 2861.402 4043.26 3701.74 3672.008 2064.234
BIC 2965.901 4147.759 3806.239 3776.507 2168.733
R2 .070 .161 .097 .077 .121

Note. N = 3,453. OR = odds ratio. For gender, 1 = female, 0 = male; for education 1 = any college, 0 = no college; for context, 0 = no, 1 = yes. Multiple answers were allowed.
General and specific AI chatbot affordances are defined in Tables 2a and 2b.
ICC = intraclass correlation coefficient indicating variance attributable to regional differences; LRT χ2 = Likelihood Ratio Test comparing the full model with all predictors to the intercept-only model. Δ χ2 quantifies the 
added value of specific AI chatbot affordances beyond general ones. AIC, BIC, and Nagelkerke’s R2 are reported for the full model.
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Additional details can be found in Table 4, with a regional break
down available in Appendix C [weblink].

6. Discussion

This study addresses a critical gap in the literature by providing 
cross-cultural empirical data on the general and specific affordances of 
AI chatbots, a topic that remains underexplored despite the rapid pro
liferation of these technologies. Drawing on a diverse sample of n =
5,096 AI chatbot users from mainland China (n = 1,016), Germany (n =
994), Hong Kong (n = 1,020), Japan (n = 1,071), and the United States 
(n = 995), we identified seven general affordances (private social pres
ence, accessibility, persistence, anonymity, bandwidth, editability, and con
versation control) and five specific affordances (writing assistance, 
emotional assistance, coding assistance, personal assistance, and translation 
assistance). Our findings reveal important cultural, gender-, and age- 
based differences in how users perceive and engage with AI chatbots, 
challenging the assumption of universal user behavior and underscoring 
the importance of context and culture in shaping AI chatbot adoption.

Users in mainland China and Hong Kong exhibited higher engage
ment, particularly valuing emotional assistance, writing assistance, and 
bandwidth while respondents in Germany and Japan demonstrated lower 
overall enthusiasm, ranking bandwidth, editability, and conversation 
control as the least important feature. A stark cultural divide emerged for 
translation assistance, with mainland China and Hong Kong prioritizing 
it, whereas Germany, the U.S., and Japan showed minimal interest. 
Gender differences were associated with distinct adoption patterns: men 
in Germany, the U.S., and Hong Kong rated coding assistance and 
emotional assistance higher, whereas Chinese women prioritized both of 
these two affordances—reversing traditional gender norms. Age-related 
patterns indicated a general decline in affordance relevance, except for 
chatbot editability and at home use, which remained stable across age 
groups, suggesting that older users favor familiar and functional in
teractions. These findings align with the affordances framework 
(Sundar, 2020), which emphasizes that technology does not determine 
user behavior but rather enables actions shaped by cultural and indi
vidual factors.

One of the study’s most distinctive contributions is the conceptual 
and empirical elaboration of private social presence as an AI chatbot 
affordance. While traditional models of social presence emphasize 
shared space, visibility, or co-presence in human communication, private 
social presence captures a subtler but powerful interactional dynamic: 
The experience of being in a personally meaningful, socially responsive 
exchange with a conversational AI agent, without the public visibility or 
relational vulnerability typical for human interaction. This construct 
becomes particularly salient in settings like at home, in public, or while 
commuting—emotionally vulnerable contexts—where solitude and 
responsiveness coexist. We believe this concept can help future research 
better differentiate between human-human and human-AI relational 
dynamics, especially as chatbot design becomes increasingly anthropo
morphic and emotionally expressive.

6.1. Context dependency of AI chatbot affordances

Our data also provide evidence that AI chatbot affordances function 
in a highly context-dependent manner. At home, accessibility, conversa
tion control, private social presence, and editability facilitated chatbot use, 
suggesting that users value seamless access, private and responsive in
teractions, and the ability to flexibly shape conversations at home. At 
work, chatbot use was driven by coding assistance, persistence, bandwidth, 
and editability, reflecting the high relevance of continuity, technical 
support, and expressive capacity. Public chatbot use was strongly pre
dicted by private social presence, bandwidth, and anonymity as well as 
emotional assistance reinforcing the idea that chatbots serve as expressive 
and immersive tools in public domains. While commuting, private social 
presence, bandwidth, and editability predicted usage, highlighting the 

need for emotionally engaging and adaptable chatbot experiences on the 
go. Writing assistance was negatively associated with chatbot use while 
commuting, possibly due to the higher cognitive demands in mobile 
contexts. At school, accessibility, conversation control, and coding assis
tance were positively associated with chatbot use, while translation 
assistance was negatively associated, reflecting that students seek flex
ible, functional interactions with chatbots but may avoid some affor
dances in educational contexts due to concerns about their integrity or 
academic norms. Together, these findings further illustrate that AI 
chatbot adoption is not universal, but contingent on context. Of note, 
while private social presence and emotional assistance emerged as sig
nificant predictors of chatbot use—particularly in mobile and domestic 
settings—recent work suggests that these affordances may not uniformly 
enhance user well-being. Experimental findings by Hu et al. (2025)
indicate that although AI-assisted emotional disclosure can reduce 
negative affect, it may not elicit the same sense of social connectedness 
as human interaction.

The observed differences in chatbot use across contexts can be un
derstood through the lens of routine and habit formation (Wood & Neal, 
2007). At home, chatbots often become embedded in daily routines, 
such as controlling smart devices or retrieving information by voice 
command, leading to context-dependent habituation. This may explain 
why, e.g., coding assistance is less relevant in domestic settings, where 
interactions tend to be more repetitive and less cognitively demanding. 
In contrast, work and school settings impose clearer functional con
straints, making affordances like bandwidth and coding assistance more 
salient. The Human-AI Interaction Model (HAII; Sundar, 2020) provides 
a useful framework for understanding these dynamics, emphasizing the 
role of agency negotiation between humans and AI. Our findings support 
this notion, showing that users strategically engage with AI chatbots 
when the functional benefits, such as efficiency and information access, 
outweigh their interaction costs.

6.2. Cross-cultural differences explained as context alignment and 
attention transfer

Our findings indicate that AI chatbot affordances shape user 
engagement in distinct ways across contexts and cultures. To explain 
these variations, we used two concepts from advertising research: 
attention transfer and context alignment (Stipp, 2018). Traditionally, 
attention transfer suggests that when users engage in environments that 
allow for higher attention, that attentional capacity carries over to the 
content they interact with. Applied to AI chatbots, this implies that in 
low-attention contexts—such as commuting or public settings—users 
may prioritize chatbot interactions requiring less cognitive effort. For 
instance, our regional breakdown of context-specific affordances (see 
Appendix C [weblink]) illustrates how users in mainland China and 
Germany, while commuting, particularly valued chatbot affordances 
such as private social presence and persistence, likely because these 
affordances align with users’ fluctuating attention levels and the need to 
sustain personal engagement amidst distractions.

Context alignment (Stipp, 2018), emphasizes the congruence be
tween situational context and the content being received, thus shaping 
users’ goals and expectations. When chatbot affordances align closely 
with contextual demands, their perceived utility increases. Our results 
strongly support this idea, particularly regarding coding assistance, 
which significantly predicts chatbot use in professional environments 
across Germany, Hong Kong, Japan, and the U.S. Yet, context alignment 
appears more complex in educational contexts, as coding assistance 
significantly predicted chatbot use, but the negative association with 
translation assistance suggests that broader institutional or normative 
constraints may shape how certain AI features are used. Similarly, 
translation assistance positively predicted chatbot use at work only in the 
U.S., whereas in mainland China it negatively predicted use, high
lighting distinct institutional or cultural differences that shape the 
relevance of specific affordances. This underscores the importance of 

S. Scherr et al.                                                                                                                                                                                                                                   Computers in Human Behavior 172 (2025) 108738 

11 

https://osf.io/esvd8?view_only=e8ba521ab74d4afc951b1d0c88c74df4
https://osf.io/esvd8?view_only=e8ba521ab74d4afc951b1d0c88c74df4


cultural and contextual congruence in shaping the relevance of AI 
chatbot affordances. Moreover, perceptions of affordances may also be 
influenced by the design and operation of AI systems, which can unin
tentionally reproduce social biases that subtly affect how users interpret 
their interactions with chatbots (Ho et al., 2025). Our findings illustrate 
how culture influences context alignment and how cultural norms shape 
communication and privacy expectations (see Ge et al., 2024), and 
emphasize the urgent need for culturally adaptive AI design in times of 
initiatives like “OpenAI for Countries” (OpenAI, 2025) begin tailoring AI 
solutions to specific national contexts. Unexpected variations further 
underscore the need for research examining how cultural and institu
tional policies, as well as AI system design, jointly moderate chatbot 
adoption across contexts.

6.2.1. The paradox of model fit vs. explained variance across contexts
An interesting observation across different contexts of AI chatbot use 

is the paradoxical relationship between model fit and explained variance 
(see Table 4). Specifically, contexts where chatbot affordances most 
strongly predicted usage (i.e., highest R2 at work, at school, and in 
public) did not exhibit the best relative model fit. Conversely, settings 
with superior model fit (home and school) accounted for considerably 
less variance. This pattern may reflect that structured, goal oriented 
environments (e.g., professional or public use) foster more direct links 
between affordances and usage, whereas adoption in more personal or 
socially complex contexts (e.g., at home or school) may be shaped by 
broader motivational, institutional, or relational factors that extend 
beyond immediate functionality. Emerging evidence suggests that “deep 
needs” for relational connection may shape AI use in private settings. 
For example, Brandtzaeg et al. (2022) and Banks (2024), through 
qualitative interviews on human–AI friendship with social chatbots, 
found that users seek emotionally rich, personalized interactions beyond 
instrumental functionality. These findings suggest that drivers of AI 
chatbot use at home may be more multifaceted, which could help 
explain the lower explained variance observed in our study. Future 
research should examine how additional factors—such as workplace AI 
policies, peer dynamics, and individual motivations—interact with 
chatbot affordances to shape chatbot use across different contexts.

6.2.2. Beyond context: AI chatbot affordances over time
While our cross-sectional data does not allow us to directly examine 

changes of AI chatbot affordances over time, it nonetheless raises 
important questions. That said, our findings provide at least a founda
tional basis for hypothetical reasoning on longitudinal aspects of chatbot 
affordances: Broader frameworks of human-AI augmentation (Guzman 
& Lewis, 2020; Jarrahi, 2018) provide a compelling direction for future 
research by moving beyond technological determinism toward a more 
holistic understanding of AI chatbot use as a dynamic, contextually 
embedded phenomenon. For instance, the concepts of “mutual adapta
tion” (Ramaul et al., 2024) or “mutual augmentation” (Sundar, 2020) 
illustrate how AI chatbots and users co-evolve. AI chatbots continuously 
accumulate knowledge about their users, refining interactions to 
enhance effectiveness and user experience across contexts. Over time, 
this process itself can become an affordance—a meta-affordance—where 
AI chatbots develop the capacity to enhance their effectiveness through 
continuous adaptation to user behavior, extending beyond their imme
diate technological functionalities. Future research should explore how 
such meta-affordances—AI’s ability to iteratively refine its capabilities 
over time—emerge and evolve across different contexts and user groups.

6.3. Limitations

Several important aspects should be considered when interpreting 
these findings. First, our study explores AI chatbot affordances using 
heterogeneous samples of users from different regions. However, our 
findings may not fully generalize to other regions, such as those in the 
Global South. While this study is a pioneering exploration of AI chatbot 

affordances across cultures, future research should explore the techno
logical and cultural differences that may shape chatbot use in various 
contexts. For instance, this study did not focus on the use of AI chatbots 
for specific tasks within the broader contexts presented. A more granular 
investigation into task-specific micro-contexts would add substantial 
depth to our findings, providing insights not only into standalone AI 
chatbot use but also into its integration with other applications. This 
would be a critical step toward understanding the cross-cultural po
tential of AI chatbots in diverse contexts and could help expanding the 
affordances catalogue presented here, and enhance their real-world 
applicability. Additionally, the cross-sectional nature of our data limits 
our ability to draw conclusions about the temporal stability of the 
identified general and specific affordances, both within and across 
different user groups.

6.4. Future directions

Future research should investigate task-specific micro-contexts (e.g., 
“writing emails at work”) to refine affordance classifications and 
enhance their practical applicability. Longitudinal studies could provide 
insight into how mutual adaptation between users and AI chatbots 
shapes affordance perceptions over time. Additionally, examining 
macro-level institutional policies, such as Hong Kong’s AI regulations, 
could clarify their impact on individual chatbot adoption in schools and 
workplaces. And finally, expanding research to Global South contexts, 
where technological access and cultural norms differ significantly, 
would offer a more inclusive understanding of AI chatbot adoption dy
namics across diverse sociotechnical environments.

7. Conclusion

This study advances our understanding of AI chatbot affordances by 
offering cross-cultural insights into user engagement across diverse 
contexts and demographic groups.

We identified seven general affordances (private social presence, 
accessibility, persistence, anonymity, bandwidth, editability, and conversa
tion control) and five specific affordances (writing assistance, emotional 
assistance, coding assistance, personal assistance, translation assistance), 
highlighting significant cultural, gender, and age-related differences. 
Overall, users from mainland China and Hong Kong displayed higher 
engagement levels, whereas users from Germany, Japan, and the United 
States showed comparatively lower enthusiasm. Contextual analyses 
further revealed that the affordances influencing AI chatbot adoption 
vary markedly by setting: Accessibility was crucial at home and school, 
while persistence, bandwidth and coding assistance were pivotal in pro
fessional environments. The paradox of stronger affordance effects but 
weaker model fit in structured settings suggests broader social and 
institutional factors influencing chatbot use. Ultimately, our findings 
underscore the critical role of context alignment in AI chatbot adop
tion—where culture plays a key role—emphasizing the need for both 
culturally sensitive and context-aware chatbot design.
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